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Abstract
Humanity has changed the earth’s surface to a dramatic extent. This
is especially true for the area used for agricultural production. Against
the background of a growing world population and the associated
increased demand for food, it is precisely this area that will become
even more important in the future. In order not to have to allocate
even more land to agricultural use, optimization and intensification
is the only way out of the dilemma. In this context, precise Geoin-
formation of the agriculturally used area is of central importance. It
is utilized for improving land use, producing yield forecasts for more
stable food security, and optimizing agricultural management. Rapid
developments in the field of satellite-based remote sensing sensors
make it possible to monitor agricultural areas with increased spatial,
spectral and temporal resolution. However, to retrieve the needed
information from this data, new methods are needed. Furthermore,
the quality of the data has to be verified. Only then can the presented
geodata help to grow crops more sustainably and more e ciently.
This thesis develops new approaches for monitoring agricultural
areas using the technology of microwave remote sensing in combination
with optical remote sensing and existing geodata. It is framed by the
overall objective to obtain knowledge on how this combination of data
can provide the necessary geoinformation for land use studies, precision
farming, and agricultural monitoring systems. Hundreds of remote
sensing images from more than eight di erent satellites were analyzed
in six research studies from two di erent Areas of Interest (AOIs).
The studies guide through various spatial scales. First, the general
Land Use /Land Cover (LULC) on a regional level in a multi-sensor
scenario is derived, evaluating di erent sensor combinations of varying
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resolutions. Next, an innovative method is proposed, through which
the high geometric accuracy of radar-imaging satellite sensors is
exploited to update the spatial accuracy of any external geodata of
lower spatial accuracy. Such external data is then used in the next
two studies, which focus on cost-e ective crop type mapping using
Synthetic Aperture Radar (SAR) images. The resulting enhanced
LULC maps present the annually changing crop types of the region
alongside external, o cial geoinformation that is not retrievable from
remote sensing sensors. The last two research studies deal with a single
maize field, on which high resolution optical WorldView-2 images and
experimental bistatic SAR observations from TanDEM-X are assessed
and combined with ground measurements.
As a result, this thesis shows that, depending on the AOI and the
application, di erent resolution demands need to be fulfilled before
LULC, crop type, and crop traits mapping can be performed with
adequate accuracy. The spatial resolution needs to be adapted to
the particularities of the AOI. Evaluation of the sensors showed that
SAR sensors proved beneficial for the study objective. Processing the
SAR images is complicated, and the images are unintuitive at first
sight. However, the advantage of SAR sensors is that they work even
in cloudy conditions. This results in an increased temporal resolution,
which is particularly important for monitoring the highly dynamic
agricultural area. Furthermore, the high geometric accuracy of the
SAR images proved ideal for implementing the Multi-Data Approach
(MDA). Thus information-rich external geodata could be used to
lower the remote sensing resolution needs, improve the accuracy of the
LULC-maps, and to provide enhanced LULC-maps. The first study of
the maize field demonstrates the potential of the WorldView-2 data in
predicting in-field biomass variations, and its increased accuracy when
fused with plant height measurements. The second study shows the
potential of the TanDEM-X Constellation (TDM) to retrieve plant
height from space.
LULC, crop type and information on the spatial distribution of
biomass can thus be derived e ciently and with high accuracy from
the combination of SAR, optical satellites and external geodata. The
ii
shown analyses for acquiring such geoinformation represent a high
potential for helping to solve the future challenges of agricultural
production.
iii

Zusammenfassung
Die Menschheit hat die Erdoberfläche in dramatischem Maße ver-
ändert. Dies gilt insbesondere für die durch landwirtschaftliche Pro-
duktion genutzte Fläche. Vor dem Hintergrund einer wachsenden
Weltbevölkerung und dem damit verbundenen erhöhten Bedarf nach
Nahrungsmitteln werden gerade diese Gebiete in Zukunft weiter an
Bedeutung zunehmen. Um nicht noch mehr Flächen für die land-
wirtschaftliche Nutzung bereitstellen zu müssen, ist Optimierung
und Intensivierung der einzige Ausweg aus dem Dilemma. Von zen-
traler Bedeutung sind dabei Geoinformationen der landwirtschaft-
lich genutzten Fläche. Sie werden eingesetzt zur Verbesserung der
Landnutzung, zur Erstellung von Ertragsprognosen für eine stabilere
Ernährungssicherheit und zur Optimierung des Agrarmanagements.
Rasante Entwicklungen auf dem Gebiet der satellitengestützten Fern-
erkundungssensoren ermöglichen es, landwirtschaftliche Flächen mit
erhöhter spektraler, räumlicher und zeitlicher Auflösung abzubilden.
Um jedoch die benötigten Informationen aus den Daten zu gewinnen,
bedarf es neuer Methoden. Zusätzlich muss die Qualität der Daten
verifiziert werden, nur dann können die präsentierten Geodaten da-
zu beitragen, den Nutzpflanzenanbau nachhaltiger und e zienter zu
gestalten.
In dieser Arbeit werden neue Ansätze für die Beobachtung land-
wirtschaftlicher Flächen entwickelt. Dazu wird die Technologie der
satellitengestützten Synthetic Aperture Radar (SAR) Mikrowellenfern-
erkundung mit optischer Satelittenfernerkundung und bestehenden
Geodaten kombiniert. Das übergeordnete Ziel der Arbeit ist es, Er-
kenntnisse darüber zu gewinnen, wie diese Datenkombination die
notwendigen Geoinformationen für Landnutzungsstudien, Präzisions-
landwirtschaft und landwirtschaftliche Überwachungssysteme liefern
v
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kann. Hunderte Fernerkundungsbilder von mehr als acht unterschied-
lichen Satellitensystemen wurden in sechs Forschungsstudien aus zwei
verschiedenen Untersuchungsgebieten analysiert. Die Studien leiten
durch die verschiedenen berücksichtigten räumlichen Skalen. Zu Be-
ginn wird die allgemeine Landnutzung auf regionaler Ebene in einem
Multisensor-Szenario abgeleitet, dabei werden verschiedene Sensorkom-
binationen mit unterschiedlichen Auflösungen bewertet. Als nächstes
wird ein innovatives Verfahren vorgestellt, durch das die hohe geome-
trische Genauigkeit der SAR-Satelliten genutzt wird, um die räumliche
Lagegenauigkeit externer Geodaten mit geringerer Genauigkeit zu
verbessern. Solche externen Geodaten sind ein Fokus der nächsten
beiden Studien, die kostene ziente Feldfruchtkartierung mithilfe von
SAR-Bildern demonstrieren. Die daraus resultierenden verbesserten
Landnutzungskarten zeigen die jährlich wechselnden Feldfrüchte der
Region in Kombination mit externen, o ziellen Geoinformationen,
die normalerweise nicht von Fernerkundungssensoren ermittelt werden
können. Die letzten beiden Forschungsarbeiten befassen sich mit einem
Maisfeld, auf dem hochauflösende optische WorldView-2-Bilder und
experimentelle bistatische SAR Beobachtungen von TanDEM-X, mit
Bodenmessungen bewertet und kombiniert werden.
Die Ergebnisse der Arbeit zeigen, dass je nach Untersuchungsge-
biet unterschiedliche Auflösungsanforderungen erfüllt sein müssen,
bevor Landnutzung, Feldfrüchte und Pflanzeneigenschaften mit aus-
reichender Genauigkeit kartiert werden können. Es zeigte sich, dass
die räumliche Auflösung an die Besonderheiten der Untersuchungs-
region angepasst werden muss. In einer weiteren Sensorbewertung
erwiesen sich die eingesetzten SAR Sensoren als vorteilhaft für das
Studienziel. Obwohl die Bearbeitung der SAR Bilder kompliziert
ist, und die Bilder auf den ersten Blick ungewohnt wirken, wurde
der Vorteil der SAR Sensoren deutlich: auch bei bewölktem Himmel
werden Daten geliefert. Diese Eigenschaft führt zu einer erhöhten
zeitlichen Auflösung, die sich als essentiell für die Überwachung der
hochdynamischen landwirtschaftlichen Flächen herausstellte. Darüber
hinaus erwies sich die hohe geometrische Genauigkeit der SAR Bilder
als ideal für die Implementierung des Multi-Data Approach (MDA).
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Somit konnten informationsreiche externe Geodaten verwendet wer-
den, um die Auflösungsanforderungen an die Fernerkundungsdaten
zu senken, die Genauigkeit der Landnutzungskarten zu verbessern
und um verbesserte, mit externen Geoinformationen angereicherte
Landnutzungskarten zu erstellen. Die erste der beiden Maisfeldstudien
zeigte das Potenzial des optischen Satellitensystems WorldView-2 für
die Detektion von Biomassevariationen innerhalb eines Feldes und eine
erhöhte Genauigkeit der Biomasseschätzung bei der Hinzunahme von
Pflanzenhöhenmessungen. Die zweite Maisfeldstudie demonstrierte
das Potenzial der TanDEM-X Konstellation, die Pflanzenhöhe auch
aus dem Weltraum zu messen.
Landnutzung, Feldfruchtkartierungen und Informationen über die
räumliche Verteilung von Biomasse lassen sich also aus der Kombi-
nation von SAR und optischen Satelliten und externen Geodaten
e zient und mit hoher Genauigkeit ableiten. Die gezeigten Analysen
zur Gewinnung der Geoinformation stellen ein großes Potential dar
und können helfen, die zukünftigen Herausforderungen landwirtschaft-
licher Produktion zu meistern.
vii
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1 Introduction
After almost a decade of declining world hunger, the number of
undernourished people has been on the rise since 2014, reaching
an estimated 821 million in 2017 (FAO et al. 2017). Additionally,
more and wealthier people on planet earth are demanding more
food and a more resource-intensive diet such as dairy products and
meat (Godfray et al. 2018). This chapter provides an introduction
into the challenges associated with agricultural production, Land
Use / Land Cover Change (LULCC), discusses the need for Sustainable
Intensification (SI) in agriculture, and identifies the role of remote
sensing for LULCC, precision agriculture, and agricultural monitoring
systems. Based on the data needs of those sectors, the overall objective
of the study and the research questions are presented. Furthermore,
an outline guides through the thesis.
1.1 Preface
There is immense pressure on global agricultural production to provide
su cient food (Tilman et al. 2002). Agriculture already is and will
be threatened further by the implications of climate change (Wiebe
et al. 2015) and the scarcity of land (Lambin & Meyfroidt 2011),
the latter indicating the strong link of agricultural production to
Land Use /Land Cover (LULC) and LULCC. Global agriculture is
responsible for significant environmental issues as it directly accounts
for 14% of global greenhouse gas emissions (IPCC 2014: 88), 70% of
global freshwater usage (Rost et al. 2008), soil degradation (Parr
et al. 1992), and altering the global nitrogen cycle with many global
negative impacts (Vitousek et al. 1997). The latter being connected
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to the release of heavy metals into the environment, pesticides, and
fungicide abuse.
Not included in the statistics mentioned above is an indirect conse-
quence that more land has been attributed to agricultural production
over the last decades (Alexander et al. 2015). This increase is
alarming as the global LULCC is the second highest contributor to
the rising CO2-concentration levels in the atmosphere, after the com-
bustion of fossil fuels. Furthermore, current LULCC intensifies the
conflict over land (Lambin & Meyfroidt 2011), leaving less space
for nature (Tilman et al. 2002).
Rockström et al. (2017) claim for a SI in agriculture (Garnett
et al. 2013), which aims to achieve future food security and solve the
environmental issues of agriculture. SI is a complex challenge that can
only be solved by a multitude of objectives and actions (McCarthy
et al. 2018). One favorable principle is land sparing, which means
increasing production through higher yields on already farmed land.
The alternative way of increasing production by using new land for
farming would worsen the environmental impacts (Phalan et al.
2011).
Solving such social and environmental problems is strongly con-
nected to land change science, which tackles environmental and soci-
etal problems by understanding the dynamics of LULC as a coupled
human-environment system (Turner et al. 2007). The initial crucial
step to performing any land change science is observation and monitor-
ing (Turner et al. 2007). However, global LULC- and LULCC-maps
of adequate resolution in high quality are not available (Prestele
et al. 2016), yet urgently needed, especially in the context of global
food production (See et al. 2015).
Precision agriculture suits the described aims of SI, being described
as an information technology used to improve production management
and minimize environmental impacts (Whelan & Taylor 2013: 1).
This technology helps to fulfill SI by higher yields per area and also
improves the environmental quality (Gebbers & Adamchuk 2010).
Most commonly, and especially when considering cropping systems,
the term precision agriculture is used synonymously for site-specific
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crop management (Whelan & Taylor 2013: 2). That term, however,
refers more specifically to adopting the agronomic practices to the
specific resource needs depending on the location. Those needs vary
considerably not only from one field to another but also within fields.
Hence, through knowledge about the growing conditions at each
location within the field, farming machines can apply site-specific
management, such as fertilizer applications (Carr et al. 1991) or
plant protection actions (Mahlein et al. 2012).
In addition to precision agriculture techniques, agricultural monitor-
ing systems provide information about food production (Fritz et al.
2018). Such systems allow forecasting of commodity prices enabling
preparation for food-market variations. Risks in the food supply chain
can thereby be identified, resulting in greater food security (Wu et al.
2014).
Land change science, precision farming and agricultural monitoring
Systems depend on the quality and availability of the input data to
provide reliable results (Jones et al. 2017). Furthermore, Jones et al.
(2017) conclude that the limitations of current systems are due to a
lack of available and usable data. The most prominent tool to acquire
the needed data is remote sensing (Zhang et al. 2002; Pinter Jr et al.
2003). It can provide information about the environment, LULC, crop
type, and the status of crops (Vinciková et al. 2010), which could
not be generated with other methods because traditional methods,
such as field surveys, are too time-consuming and expensive (Xie et al.
2008). Summaries of applications of remote sensing can be found in
McNairn & Shang (2016) for crop tpe mapping, in Atzberger
(2013) for agricultural monitoring systems, and in Mulla (2013) for
precision farming.
The ongoing development of optical and especially of radar remote
sensing systems have created new potentials for dealing with the future
challenges described above. The development of new sensors mainly
provides increased resolution over larger areas. Advanced information
processing is, however, needed to fully exploit the potential of such
systems (Benediktsson et al. 2012).
One such actively researched remote sensing sensor category consists
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of radar or microwave remote sensors. They have the advantage of
providing images even at night, and can penetrate through clouds
(Curlander & McDonough 1991a). Surprisingly, Whelan &
Taylor (2013) and Atzberger (2013) omit Synthetic Aperture
Radar (SAR) remote sensing for precision farming and agricultural
monitoring, respectively. Furthermore, as shown by Fritz et al.
(2018), only three out the eight most important global agricultural
monitoring systems use active radar data. The reasons for that lack
of tapping the full potential of SAR could lie in the complexity of
the radar signal, limited radar sensor capabilities (Schmullius et al.
2015), and limited knowledge of how microwaves interact with surfaces
(Woodhouse 2015: 28).
1.2 Overall Objective and Research
Questions
This study is based on the need for high-quality, frequently updated
LULC maps, including information about crop type, and on a gen-
eral lack of available and usable geoinformation about agricultural
production. Furthermore, it is framed by the opportunities of sensor
developments, especially in the domain of microwave remote sensing,
where case studies are urgently needed to demonstrate and evaluate
the potential of the technology. Hence, this research’s objective is to
obtain knowledge on how the combination of radar remote sensing,
optical remote sensing, and other geodata can provide such necessary
geoinformation for land use studies, precision farming, and agricultural
monitoring systems.
This overall objective is subdivided into the following smaller ob-
jectives, which are sorted according to the principle of increasing
temporal and spatial resolution. Furthermore, the second and third
objectives presuppose the objectives one and two, respectively. All
objectives are under the assumption of using satellite remote sensing
data.
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1. Determining of LULC in agricultural landscapes.
2. Mapping crop types, especially the annually changing cultivated
crops.
3. Detecting the in-field variability of crop traits such as plant
vitality, height, and biomass.
For all of the objectives, the research interest is to acquire the
geoinformation itself, but the fundamental research goal is to find,
and if necessary to develop, the most opportune method to achieve
the desired output. Based on these objectives described above, the
following research questions are derived:
• Which methods are best suited to achieving the objectives 1–3
from di erent remote-sensing image products in appropriate
quality?
• How can existing external geodata be incorporated in the pro-
cess? What is its benefit?
• Can the results be improved by incorporating existing geographic
data, such as existing cadastral data about the agricultural land?
• How can radar remote sensing be used alone and in combination
with optical remote sensing and external geodata to obtain
LULC, crop type and crop traits?
• What are the most crucial remote sensing data characteristics
for those objectives and what is their e ect on the quality of
the output?
• What are the essential characteristics of radar remote sensing
images for those objectives?
• Which data characteristics are useful for evaluating the results?
• How can the desired outputs be generated cost-e ectively and
e ciently?
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1.3 Outline
After the Introduction (1), the chapter Basics (2) focuses on the main
concept of remote sensing for introducing the di erent kinds of data
and their characteristics. A short introduction to the study sites
is given next. Following that, the research papers are given in the
chapters 3 to 8. They are organized based on the concept of increasing
temporal and spatial resolution for selected applications from coarse
to high, as shown in Figure 1.1. Table 1.1 demonstrates the di erent
sensors and other datasets used in the chapters, including the research
objective that is primarily pursued.
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Figure 1.1: Concept of increasing spatial and temporal resolution,
modified according to the relevant applications of this
study. Modified after Jensen (2007).
The first research study, presented in chapter 3, introduces an
innovative method to obtain general LULC, including crop type, from
6
1.3 Outline
Satellite Images Diverse Geodata
X-band
SAR
C-band
SAR Optical
Elevation
Models
In Situ
Data
Ch
ap
te
r
Short title Study site Te
rr
aS
A
R-
X
Ta
nD
EM
-X
En
vi
sa
tA
SA
R
Ra
da
rs
at
-2
Se
nt
in
el-
1
FO
RM
O
SA
T-
2
W
or
ld
V
iew
-2
S.
R.
T.
M
.
D
G
M
-1
O
 
cia
lG
eo
da
ta
Cr
op
D
ist
rib
ut
io
n
TL
S
Bi
om
as
s
Re
se
ar
ch
O
bj
ec
tiv
e
3 Best AccuracyLULC Classification
Qixing
China ı ı ı ı ı ı 1+2
4 Georeferencing Multi-sourceGeospatial Data
Qixing
China ı ı ı ı 2
5 MDA with TerraSAR-Xand o cial geodata
Subset of
the TR32 ı ı ı ı 1+2
6 Sentinel-1, Open.NRW, andFOSS for Crop Type Mapping
Whole
TR32 area ı ı ı ı 1+2
7 Fusion of WV-2 and TLS forMaize Biomass Estimation
Selhausen
TR32 ı ı ı ı 3
8 TanDEM-X for MaizeGrowth Monitoring
Selhausen
TR32 ı ı ı ı 3
Table 1.1: Overview of the di erent sensors and datasets that were
combined, evaluated or analyzed in the di erent chapters
SAR and optical data in the study site Qixing farm, Heilongjiang,
China. Chapter 4 introduces the novel idea of using the high geometric
accuracy of the SAR satellite TerraSAR-X to produce a high-resolution
geometric reference image for the diverse geospatial data of di erent
scales and resolutions, thus making it possible to include any externally
available data into the classification process, especially such data with
a non-ideal geometric accuracy. Chapter 5 demonstrates the fusion of
SAR remote sensing with such external data. The result is an enriched
LULC map, containing the annual crop distribution obtained from
the SAR data, as well as the LULC classes from the external data.
In chapter 6, this idea is extended by relying on open data and open
software only, making the approach much more low-cost. Once the
annual crop distribution is available, additional analysis of the field
crop status can be performed. Innovative examples of crop status
monitoring are demonstrated in chapters 7 and 8. As can be seen
in Figure 1.1, the resolution needs are greatly increased for such
applications. Chapter 7 is based on high-resolution optical images
from WorldView-2, which have a spatial resolution and accuracy high
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enough to allow monitoring of within-field crop variances. Chapter
8 introduces the new innovative method of how to determine the
plant height parameter from multitemporal satellite acquisitions from
the TanDEM-X Constellation (TDM). The images had to be gained
in the experimental, high-resolution, spotlight mode. Validation is
performed using highly precise field measurement from Terrestrial
Laser Scanning (TLS). In chapter 9, an overall discussion across the
chapters and a discussion about putting the conclusions gained from
the research in a scientific context are pursued. A conclusion is given
in chapter 10.
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2.1 Remote Sensing
Remote sensing is defined as "the art and the science of obtaining
information about an object without being in direct physical contact
with an object" (Jensen 2007: Preface). Typically the sensors are
mounted onto aircrafts, satellites (Emery & Camps 2017) and nowa-
days also drones (Bendig et al. 2012). Also, ground-based sensors
are possible, sometimes called proximal remote sensing. The present
work focuses mainly on sensors mounted on board satellites flying in
low earth orbit (LEO). Depending on the underlying principle, the
sensors used can be divided into passive, optical, and active, mostly
microwave, sensors (compare Figure 2.1. The concept of resolution
– spatial, temporal, and spectral – guides the reader deeper into the
topic of satellite-based remote sensing.
(A) (B)
Figure 2.1: Schematics of passive (A) and active (B) satellite re-
mote sensing, own representation, inspired by Albertz
(2009: 10)
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2.1.1 Optical Remote Sensing
The basic measurement principle of optical remote sensing is the de-
tection of sunlight reflected from the earth’s surface to create images
(Emery & Camps 2017: 85). Depending on the sensor type, the
intensity of electromagnetic waves in the visible and infrared part
of the spectrum is measured. As depicted in Figure 2.1 (A), the
radiation travels through the atmosphere before interacting with the
earth’s surface and again on the way towards the sensor. Conse-
quently, such systems rely on an undisturbed path of the radiation
through the atmosphere, which can be blocked by clouds (Emery
& Camps 2017: 86). Additionally, the radiation interacts with the
atmosphere while traveling through it. Atmospheric corrections are
hence mandatory when accounting for such atmospheric e ects in the
imagery (Liang 2005: 197).
Under a clear sky, optical systems can retrieve spectral signals
from the earth’s surface. This spectral signature depends mainly
on the chemical properties of an imaged land surface, and many
characteristics can be retrieved.
The numerous deployed optical satellite systems di er quite consid-
erable concerning their di erent scanning principles (Heipke 2017: 12-
13). They either scan a long strip along their travel path or are
tasked to acquired images over a specific Areas of Interest (AOIs).
Among the ones that provide a long strip, the Landsat system, oper-
ated by the United States Geological Survey (USGS), is by far the
most prominent. It provides the longest temporal record of satellite
images. Most locations on earth were successfully imaged at least
annually for the last 40 years (Roy et al. 2014). Although the current
Landsat-8 system is technically superior to the first Landsat-1, its
flight path is still the same, allowing time series analysis over the last
four decades. Other satellite systems being tasked to take images
are often company-owned, and monitoring of an AOI is usually done
per request, which can be expensive. Such systems can be usually be
turned towards the AOI once it is in sight. They generally allow a
higher resolution (temporal, spectral and spatial) (Benediktsson
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et al. 2012). A complete introduction into optical remote sensing is
given by Heipke (2017), Campbell & Wynne (2011), Albertz
(2009), Jensen (2007), and Lillesand et al. (2004).
2.1.2 Microwave Remote Sensing
The fundamental basis of microwave or radar remote sensing is the
send and receive principle. An impulse of electromagnetic radiation
is sent and received. The time delay between sending and receiving
the signal is measured along with the intensity of the returned signal.
The measured intensity of the signal depends on a complex electro-
magnetic interaction between the radar waves and the scene, and
scattering depends on morphological and dielectric properties of the
investigated medium (Emery & Camps 2017: 298). By combining
multiple measurements of the intensity of the backscattered signal,
it is possible to create a radar image of the observed surface. The
modern, most widespread imaging radar technique is the Synthetic
Aperture Radar (SAR) (Ulaby & Long 2014: 3).
Radar wavelengths used for remote sensing are divided into bands
(Jutzi et al. 2017: 87). The shortest wavelength used by satellites
is the X-band with a wavelength of about 3 cm. It is characterized
by a small to no penetration depth into the examined medium; this
is then characterized as surface remote sensing. The waves of the
C-band are approximately 5 cm large and show a higher penetration
depth. Penetration is further maximized with longer waves such as
the ones from L-band (7.5 – 15 cm). Under the conditions of complete
penetration into the medium, the process is described as volume
scattering. The waves shorter than the X-band and longer than the L-
band do not play a significant role for satellite remote sensing because
they are significantly influenced by the atmosphere. However, the
most important rule of thumb when choosing the wavelength for an
application is that the dimensions of the structures under investigation
should be roughly the same size as the wavelength (Emery & Camps
2017: 299).
Using polarimetric methods, the primary scattering processes within
11
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a resolution cell can be determined (Lee & Pottier 2009). A first
distinction can be made between surface and volume scattering. In
the case of surface scattering, it can also be determined whether
the number of scattering processes is odd or even. Double, i.e.,
an even number of reflections, is typical for urban areas. Typical
for urban environments is also the occurrence of singular strong
backscatterers, which manifest themselves as bright points in the
radar image. The backscatter from rural areas is usually characterized
by several so-called distributed scatterers per dissolution cell. Such
distributed scatterers within one resolution cell are the cause of one
major drawback of microwave images: – the grainy "salt and pepper"-
like noise in all SAR images, which is called speckle. It makes visual
interpretation more di cult and adds additional di culty for image
processing. Di erent techniques exist to deal with speckle:
• Multilooking: Neighbouring pixels are treated as individual
radar measurements, and a new image that has a lower spatial
resolution but contains less speckle is computed.
• Temporal Averaging: Images from SAR time-series are partic-
ularly well suited to temporal averaging. In a time series, all
images are made from almost the same satellite position. That
means that the geometric distortions induced by relief are the
same in all images.
• Speckle Filters: Mostly focal filters with moving windows are
developed to preprocess the SAR images specifically for di erent
applications. In general, they seek to obtain the image character-
istics with bright scatterers and spatially average homogeneous
areas.
A central processing of the images captured by radar sensors is the
conversion into a map projection. It is a prerequisite of further analysis,
e.g., using a Geographic Information System (GIS). A common
methodology for the projection is the range-doppler terrain correction
and involves using a Digital Elevation Model (DEM) (Curlander
12
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& McDonough 1991a). During this process, the height error of the
DEM translates into a horizontal error of the processed radar image.
Inaccurate elevation data can therefore be a source of error for the
correct georeferencing of radar data. In addition to this correctable
error, SAR images also exhibit relief-induced distortions due to their
sideways viewing direction. While foreshortening is mainly corrected
during the projection process, areas with radar shadow and layover
contain no usable information (Richards 2009: 111).
Interestingly, elevation data is not only used to process SAR data
but can also be generated by SAR sensors. The acquisition of SAR
images from several acquisition positions allows interferometric analy-
ses (Richards 2009: 183). Single pass and repeat-pass interferometry
are the two alternative here. Single-pass interferometry is particularly
well-suited to large-area topographic mapping. Famous examples are
the global elevation models created by the Shuttle Radar Topography
Mission (SRTM) (Rodriguez et al. 2006) and the TDM (Krieger
et al. 2007). Repeat-pass interferometry is mainly used for detecting
changes of the surface elevation between the acquisitions, such as in
the mapping of earthquakes (Massonnet et al. 1993).
An extension to interferometry is tomography, in which SAR images
from several positions are combined to obtain the vertical structure of
the features in a scene. SAR sensor development is actively researched
with awaited improvement from multifrequency SAR (Rosen et al.
2015), digital beamforming (Younis et al. 2003), multistatic sensor
constellations (Kraus et al. 2017), and improved orbit constellations
(Moreira et al. 2013) such as High Orbit SAR.
For a more complete description of radar remote sensing, its varied
applications, and the historical development of the discipline, the
interested reader is referred to the excellent textbooks byWoodhouse
(2015), Ulaby & Long (2014), and Richards (2009).
2.1.3 Spectral Resolution
The spectral resolution is the number of di erent bands captured by
remote sensing systems. In optical imaging systems, a distinction is
13
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made between multispectral and hyperspectral systems, depending on
the number of used bands. Multispectral systems sense the amount
of energy in approximately 3–15 bands in particularly suitable areas
of the optical, infrared, and thermal range. Hyperspectral systems
scan the spectrum in specific areas with a continuous sequence of
bands. Depending on sensor performance, several hundred bands can
be scanned simultaneously.
With radar sensors, the concept of spectral resolution has to be
widened. Due to technical limitations on satellites, only systems with
one wavelength are currently in use (Ulaby & Long 2014). However,
additional information about the examined surface is acquired by
measuring the single frequency radar signal in di erent polarizations
(Cloude 2010). Four di erent polarization combinations can be ob-
tained by sending and measuring the radar signal horizontally and
vertically. Polarimetric decompositions, such as the Pauli analysis,
allow determination of the dominant scattering process on the ground.
Odd (mostly single), even (mostly double) bounces and volume scat-
tering can be distinguished. The polarimetric capabilities of SAR
sensors increase the information content of the measurement, as dif-
ferent bands do in the optical domain. Hence, in the context of this
work, not only the di erent radar wavelengths but also the amount
of measured polarizations are considered when assessing the spectral
resolution of the SAR images.
2.1.4 Spatial Resolution
The spatial resolution is the ability of a sensor system to separate
signals from two adjacent objects (Emery & Camps 2017: 295). In
most remote sensing scenarios, the size of a pixel of the analyzed
images is understood as the spatial resolution. For most analyses
based on optical data, this principle is su cient. The optical sensors
are often designed in such a way that one resolution cell of the sensor
(Instantaneous Field of View) covers one pixel in the produced image.
The size of a pixel, in reality, is then given as the spatial resolution of
the sensor. To a certain extent, it depends on the viewing angle, with a
14
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better resolution below the center of the sensors. However, the spatial
resolution is mainly determined by the sensor design. Typical spatial
resolution of space-borne imaging systems are MODIS (250–500m)
(Chen, Fedosejevs, et al. 2006), Landsat (15–30m) (Roy et al.
2014), Sentinel-2 (10–60m) (Drusch et al. 2012), or WorldView-2
(0.5–2m) (Updike & Comp 2010).
For SAR sensors, it is important to keep the original definition of
spatial resolution as the ability to separate two objects. The side-
looking geometry of SAR imaging makes determining the resolution
more complex. First, a distinction must be made between azimuth
(along-track) and range (cross-track) resolution. The range resolution
depends on the available bandwidth of the system and the incidence
angle (◊). Contrary to optical systems, the range resolution is better,
the steeper the angle. In consequence, SAR images have an increasing
resolution the further away the sensor is (Woodhouse 2015: 269).
Even more surprising is the determination of the azimuthal resolution
of SAR images: The maximum possible resolution is equal to half
of the length of the antenna (Woodhouse 2015: 274). Neither the
wavelength nor the distance of the sensor from the target plays a role
here (Emery & Camps 2017: 295).
SAR sensors o er the possibility to operate in di erent modes.
During Spotlight operation, the antenna is steered during the overflight
in such a way that the target is sensed for a longer time. This has the
advantage of an increased azimuthal resolution, but the disadvantage
of a reduced swath width (Woodhouse 2015: 287). To cover vast
areas, the spatial resolution can also be reduced for the benefit of
a very wide swath using the ScanSAR mode. This mode is suited
for regional to global scale monitoring as it provides the necessary
coverage (Woodhouse 2015: 287).
2.1.5 Temporal Resolution
Temporal resolution is the time it takes a sensor system to monitor
the same area again. It is an essential consideration in all remote
sensing applications (Campbell &Wynne 2011: 286). The temporal
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resolution required depends on the specific application (Jensen 2014).
Apparently, in the case of a disaster such as a flood, it is most
important to gain information about the AOI as quickly as possible
while, for planning purposes, an acquisition dating a couple of months
back might be su cient.
For satellite remote sensors, the available temporal resolution de-
pends on the orbit and the scanning pattern of the satellite (Njoku
2013: 146). Continuous optical monitoring systems usually have a lim-
ited temporal resolution as it depends on the revisit time, which is the
time until the satellite reaches the same position in orbit. Landsat-8,
for example, has a revisit time of 16 days (Roy et al. 2014). Only in
these precisely scheduled time windows is it possible for these sensors
to take images. If clouds obscure a clear view on the earth’s surface
during these time windows, no information can be gained from the
surfaces. The optical systems with steering capabilities potentially
have a much higher temporal resolution. WorldView-2 1, for example,
is equipped with extreme steering capabilities, giving the satellite an
almost daily chance to acquire an image (Updike & Comp 2010).
However, to get an analyzable image, the AOI has to be cloud-free,
and the image is only taken per request. As each acquisition has a
high price, a high temporal resolution is expensive. Furthermore, the
steerable satellite scan the earth’s surface at varying o -nadir angles.
Analyzing these images needs consideration of the bidirectional re-
flectance distribution function (Leroy & Roujean 1994), resulting
in increased analysis complexity.
In the case of clouds, SAR imaging is the only alternative, as the
microwaves can penetrate clouds (Ulaby & Long 2014;Woodhouse
2015). There is less di erence between the potential and the actual
imaging capabilities of SAR sensors, giving them an increased tempo-
ral resolution. The recently deployed Sentinel-1 constellation (Torres
et al. 2012), for example, has a continuous monitoring principle with a
revisit time, from the same satellite orbit, of 6 days. As the swaths of
1Images of the WorldView-2 Satellite system are used in the study described
in chapter 7
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the orbits overlap, an average revisit once every two days is achieved.
2.1.6 Dilemma of Swath Width/Extent, Spatial
Resolution and Temporal Resolution
The resources on board a satellite are limited. The imaging system
usually determines the spatial, the spectral, and sometimes even
the temporal resolution. Notably, doubling the spatial resolution
means four times as much data that has to be captured, stored, and
transmitted to the ground. Regarding the extent of the images, there
is a general conflict between a wide swatch and a high geometric
resolution. Usually, higher spatial and spectral resolution systems
have a smaller area they can image simultaneously. This limits the
temporal resolution. The high spatial resolution of WorldView-2,
for example, is only available at maximum swatch width of only
16.4 km (Updike & Comp 2010). The other extremes are sensors that
can potentially cover the whole world daily, such as MODIS (Chen,
Fedosejevs, et al. 2006). However, the maximum available spatial
resolution is then 250m, which is too coarse for many applications.
While optical sensors have to be chosen to match the application’s
resolution need, SAR sensors can be programmed according to the
application’s need for coverage and spatial resolution (Ulaby &
Long 2014). However, the conflict persists. The higher resolution
spotlight mode always has reduced swath, and the ScanSAR modes
covering larger areas are of lower spatial resolution. The currently
implemented strategy to deal with the problem is the installation of
satellite constellations, where more than one satellite is installed on
the same path with a time delay.
In the optical domain, the RapidEye system of five satellites was a
significant milestone (Mulla 2013), as it provides daily coverage with
6.5 m spatial resolution. One other recent example is the Sentinel-
2 constellation (Drusch et al. 2012). Another approach tries to
maximize the temporal resolution of high spatial resolution imaging
systems by deploying a fleet of CubeSats. CubeSats are smaller, less
expensive satellites using automotive grade electronics. The satellite
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constellation of the private company Planet has spatial resolutions
between about 3 and 5 m. The constellation currently comprises
more than 200 optical satellites. They aim to cover the whole earth’s
surface daily (Zimmerman et al. 2017).
For microwave sensors, examples are the TanDEM-X / TerraSAR-X
/ PAZ constellation (Gantert et al. 2013), Radarsat constellation
(Thompson 2015), and the Sentinel-1 constellation (Torres et al.
2012). Another way out of the dilemma comes from the current
SAR sensor development. The concept of High Resolution Wide
Swath (HRWS) promises providing a high coverage and a high spatial
resolution simultaneously (Cerutti-Maori et al. 2014).
2.1.7 Remote Sensing Image Classification
Through digital image classification, pixel values are assigned to
classes (Campbell & Wynne 2011: 335). Supervised approaches
rely on reference areas, which are mapped in field surveys. Those
reference areas are then used to train the classifier and to validate the
accuracy of the derived map (Congalton &Green 2008). Numerous
classifiers and di erent classification approaches have been evaluated
(Lu &Weng 2007). One such method is Maximum Likelihood, which
is based on average class statistics to obtain the parameter that is
most plausible (Jones & Vaughan 2010: 189). In the context of
this work, the Random Forest (RF) classifier played a significant role.
It was introduced to remote sensing Pal (2005) and used for LULC
determination (Rodriguez-Galiano et al. 2012). Other algorithms
of LULC classification are artificial neural networks (Atkinson &
Tatnall 1997) or support vector machines (Pal & Mather 2005).
The choice of the classification unit leads to a further di erentiation
of the previous methods. Mostly, pixel-based methods are used (Lu
& Weng 2007). However, it is also possible to segment and classify
spatial objects from the image data or to use objects from external
databases for classification. These methods are considered as object-
based methods (Blaschke 2010).
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2.2 Application of Remote Sensing
2.2.1 Land Use / Land Cover Mapping
The answer to the geographic question of what is where? results
in land cover – the actual type of features present on the ground
(Lillesand et al. 2004: 215). The human activity associated with
the features determines the land use (Fisher et al. 2005: 86), which
is of central importance in economic geography studies, such as the
famous theory of land use by Von Thünen (1875). Although there
is a di erence in meaning, land use is closely connected with land
cover and hence in the present study considered together as LULC.
Knowledge of LULC is of central importance for land planning and
land management (Lillesand et al. 2004: 215). Comparing LULC
at di erent points in time reveals the LULCC, which is of central
importance to environmental change and sustainable development
(Xiubin 1996).
Remote sensing is acknowledged as an excellent method to determine
LULC through image classification (Campbell &Wynne 2011: 585).
The basic classification scheme for such applications dates back to
Anderson et al. (1976), who lay out the principles for mapping
schemes. There are e orts to provide geodata of general LULC for
large areas. The European Corine Land Cover initiative, for example,
provides LULC information for most European Union (EU) countries
and describes types of cover in 44 di erent classes, such as settlement,
vegetation, and water bodies. The maps are based on remote sensing
data and have a scale of about 1:100,000 (Büttner et al. 2004).
Additionally, incorporating any external geodata has been shown
to improve general LULC-classifications (Albertz 2009: 165). The
concept of the Multi-Data Approach (MDA) has been proposed to
both include multitemporal remote sensing acquisitions, if needed
from multiple sensors, and existing external geodata (Bareth 2008).
It is achieved by combining all information in a GIS.
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2.2.2 Crop Type Mapping
LULC is of particular significance when analyzing production char-
acteristics of agricultural landscapes (Spielmann 1989: 16), as agri-
culture is the predominant land use activity on the planet (Liang
et al. 2012). Crop type mapping or crop distribution estimation
is a special kind of LULC-mapping and reveals the spatiotemporal
pattern of agricultural crops (Albertz 2009: 199). Crop type maps
enable agro-ecosystem-modeling (Reichenau et al. 2016), deploying
agricultural monitoring systems (Machwitz et al. 2018), and yield
forecasting (McNairn et al. 2014). They play a crucial role in agri-
cultural monitoring systems (Fritz et al. 2018). However, agriculture
is the economic sector with the highest spatial-structural diversity
(Spielmann 1989: 16). Hence, crop type mapping is challenging for
three reasons:
• In regions with an temperate climate, the grown crops usually
follow seasonal patterns connected to the phenology. In such
regions, some crops are only distinguishable at a certain period
of the year.
• Regions with no seasons have varying growing patterns, some-
times with several harvests throughout the year.
• The grown crops vary considerably depending on the physical
properties of the landscape such as climate, relief, and soil type.
Each region has its own specialties, which need to be understood
by the creator of the maps (Albertz 2009: 199).
To overcome these challenges, remote sensing image classification
has to take these factors into account. In practice, it has been shown
that only multitemporal acquisitions are suitable for di erentiation
between field crops. Therefore, the temporal resolution is of critical
importance (Van Niel &McVicar 2004b). Its precise determination
depends on the agricultural practices and growing patterns of the AOI.
The spatial resolution also needs to vary with the AOI, as it depends
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on the field size (Foerster et al. 2012; Duveiller & Defourny
2010).
Spectrally, optical remote sensing using the visible and near-infrared
domain has long been used for crop type mapping (Foerster et al.
2012; Vinciková et al. 2010). However, optical sensors have the
apparent disadvantage of not working in cloudy conditions, which
could significantly lower the temporal resolution (Whitcraft et
al. 2015; Waldhoff et al. 2017). As a solution, microwaves have
been acknowledged to have a high potential for di erentiating crops
(Bush & Ulaby 1978). Especially the spatiotemporal di erence of
polarimetric SAR observations over crops (Koppe et al. 2013) enable
crop type mapping from polarimetric SAR (Sun et al. 2018;McNairn
et al. 2014). A combination of optical and radar sensors can improve
the accuracy and make the classification robust over clouds (Blaes
et al. 2005).
The concept of MDA introduced above has also been used in the
context of crop classifications. Waldhoff et al. (2012) demonstrated
the successful application of the MDA by combining optical remote
sensing data with external data from the Land Parcel Identification
System (LPIS) and German Authoritative Topographic-Cartographic
Information System (ATKIS).
2.2.3 Mapping of Crop Traits
For assessing ecosystems services, remote sensing has been extensively
used to assess plant traits such as plant height, plant nitrogen, phos-
phorus content/ concentration, and leaf mass per area (Liang et al.
2012). When optical remote sensing is used, the photosynthetic activ-
ity can generally be predicted from the proxies fraction of absorbed
photosynthetic radiation and light-use e ciency (Houborg et al.
2015). Especially hyperspectral remote sensing has proved beneficial
in detecting crop traits (Thenkabail et al. 2000). However, all inter-
pretations of remote sensing signals into the traits mentioned above
are ambiguous, and large uncertainties exist (Carlson & Ripley
1997; Homolova et al. 2013).
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Recently, non-spectral measurements of plants were found to lower
such uncertainties. Multitemporal plant height measurements, either
acquired through a TLS (Tilly, Hoffmeister, Cao, et al. 2014) or
from unmanned aerial vehicles (Bendig et al. 2015) were successfully
combined with optical measurements for improved biomass predictions.
Structural plant parameters are also captured by SAR-system, which
has long been acknowledged for being sensitive to plant traits (Bush
& Ulaby 1978; Foody et al. 1994; Brisco & Brown 1995; Skriver
et al. 1999;McNairn & Shang 2016). Multitemporal SAR data from
TerraSAR-X acquisitions were found to be sensitive to the growing
stage and biomass of rice (Koppe et al. 2013). For height mapping of
rice, a promising method has recently been developed using the TDM
(Erten et al. 2016).
2.3 Data Demand for Agricultural Systems
2.3.1 Agricultural Monitoring Systems
As stated above, agricultural monitoring systems play a key role in
addressing the problems agricultural production is and will be facing
(Wu et al. 2014). The available input data is central in getting
sound information from the systems, and remote sensing plays a
significant role in the creation of such input data (Atzberger 2013).
It was no coincidence that the first nationwide system of this kind
was based on information generated by remote sensing (Idso et al.
1977). Furthermore, remote sensing has been heavily researched as
a methodology to support the systems (Davis & Tarpley 1983;
Atzberger 2013).
However, Fritz et al. (2018) compared the global systems already
deployed and identified significant input data gaps. The quality of
global cropland maps, crop type, and crop yield data was identified
as unsatisfactory, yet as extremely critical for the systems. One of
the reasons at least for global applications is that su cient cloud-free
data acquired in the same season with a high temporal resolution is
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rarely available (Ban et al. 2015).
2.3.2 Precision Agriculture
Zecha et al. (2013) describe satellite remote sensing as ideal for
precision farming but mention the coarse spatial resolution and the
limited availability with clouds making it unusable for precision farm-
ing applications. Exact numbers for the minimally required spatial
resolution depend on the intended applications, the capabilities of the
machines, and the farm characteristics. Mulla (2013) reports typical
spatial resolutions for the following applications:
• Variable rate application of fertilizer: 5–10m
• Variable rate irrigation: 5–10m
• Estimation of spatial patterns in crop biomass or yield: 1–3m
• Variable rate spraying of herbicides for spot weed control: 0.5–
1m
Besides the lack of su cient spatial resolution, the other main
historical limitation of remote sensing for site-specific management is
the limited temporal resolution (Whelan & Taylor 2013). In the
case of optical imaging, clouds 2 throughout the vegetation period
heighten the problem (Whitcraft et al. 2015;Waldhoff et al. 2017).
However, timing is crucial for precision farming, as the geo-information
needs to be available before the management is applied. This timing
depends on the specific application. A couple of days delay between
sensing and application might be acceptable for applications such as
variable rate fertilization (Goense 1997: e.g.). In the case of irrigation
management, precipitation can change the water requirements within
hours (Ozdogan et al. 2010). This timing issue can be overcome
by using SAR; the above-described sensitivity of SAR-systems for
2Note the only small cloud in the third scene depicted in the Figures 7.1 and
7.2 is positioned exactly over our AOI
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plant traits makes them potentially valuable for precision farming
(Moreira et al. 2013). Yang et al. (2018), for example, use SAR to
determine rape biomass within season for improved site-specific crop
management.
2.4 Study Sites
Chapters 3 and 4 have the area of Qixing farm as their study site. The
author had an extended field visit for the whole of the growing period
of 2009. During that time, besides collecting much rice-monitoring-
related field data, a mapping campaign with emphasis on crop type
was performed. The mapping results of that campaign were later used
as ground truth for the case study described in chapter 3. The field
stay was organized by the International Center for Agro-Informatics
and Sustainable Development (ICASD), a cooperation between the
China Agricultural University, Beijing (China) and the University of
Cologne.
The studies presented in the chapters 5–8 were carried out within the
region of the Transregional Collaborative Research Centre 32 (TR32).
The proximity of this area to the living and working place of the
author made it possible to easily visit the studied fields. Numerous
field visits were made to gain a better understanding not only of
the particularity of the landscape (Pocock 1983: 1) but also of its
image in di erent remote sensing products. Both the Chinese and the
German study sites are shortly portrayed below.
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Figure 2.2: Overview of the study sites. Image Background: Sentinel-2
images, acquired on 2018-07-02 (left) and 2018-08-23
(right), Copernicus Sentinel data (2018)
2.4.1 Qixing Farm, Sanjiang Plain, China
Qixing farm has an area of about 1000 km2 and is situated in the San-
jiang plain, which lies in China’s most-northern province Heilongjiang.
Jiansanjiang, with 230,000 inhabitants, is the principal city on the
farmland and was also the basis of the research station of the ICASD.
Maps of the area can be found in Figures 3.1 and 4.1. Sanjiang
means "three rivers". These three rivers are the Songhua, Heilong, and
Wusuli, which formed the alluvial plain between them. As an alluvial
plain, the area is characterized by deficient relief energy, with most
parts being completely flat. Once an inaccessible wetland, cultivation
of the area began from 1949 onwards (Staiger et al. 2003: 298) (Gao
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& Liu 2011). While the Sanjiang plain is still important as a wetland
for the ecosystem of China (Wang et al. 2006), significant parts of it
have been transformed to arable land, building a vital food production
location for China (Song et al. 2014).
The climate is continental and influenced by monsoonal e ects.
Consequently, as can be seen in Figure 2.3, both precipitation and
temperature have their distinct maximum in the summer months. The
continentality results in a high seasonal variability of the temperature,
which is one of the world’s highest for this latitude (Zhao 1986: 105).
Following the Köppen-Geiger climate classification, the area is clas-
sified as DWA (Cold (Continental), Dry winter, hot summer), with
DWB (warm summer) starting nearby. The frost-free period lasts for
about 120 to 145 days, and average yearly precipitation is between
500–600 mm (Zhao 1986: 105).
The warm summer in combination with su cient precipitation
allows intensive farming with one single, yet high, yield per year. The
most significant crop regarding area is paddy rice, but summer wheat,
maize, soybeans, and pumpkin are also grown here. A detailed crop
classification of the Qixing farm can be found in chapter 3.
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Figure 2.3: Walter Lieth climate diagram for Fujin, China, with is
about 40 km away from the chinese AOI. Own creation
with data acquired through (NOAA 2018).
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2.4.2 Rur Catchment, Germany
The TR32 is located in the west of Germany and mainly situated
within the federal state North Rhine-Westphalia (NRW). The area is
a north-south oriented, up to 36 km wide strip of approximately 90 km
length. In the west, it is framed by the borders to The Netherlands
and Belgium, exceeding beyond the border in some areas. It was
chosen to cover the whole catchment of the river Rur, which flows in a
south-north direction through the TR32. As can be seen in Figure 2.2,
four chapters of the present work are situated here. In chapter 6, a
crop classification of the whole German part of the TR32 is described,
an area covering about 2400 km2.
From a geological point of view, the area can be divided into two
major parts. While the northern part lies in the Lower Rhine Bay,
the southern one covers the mid-range mountains, Eifel, as a part of
the Rhenish Massif. Those mid-range mountains have higher relief
energy, and the soils are less fertile (Ribbert 2010). Consequently,
pasturable land is more common than arable land. The northern part
is characterized by Pleistocene loess deposits which formed fertile
soils, such as Brown Earth and Luvisol. They provide good growing
conditions and the area is intensively used for agricultural production.
Figure 2.4 illustrates a Walter-Lieth diagram of the nearby Jülich
research center climate station. As can be seen, the climate is tem-
perate, fully humid with a warm summer, which is Cfb according to
the Köppen-Geiger climate classification. The mean temperature is
10 °C, and the annual average rainfall is a little less than 700mm. As
a result many crops such as cereals, are grown over winter. Other
important crops are potatoes, maize and sugar beet, which are usually
grown in summer.
The studies presented in chapters 5, 7, and 8 were carried out
in the northern, more fertile part, more precisely on the eastern
edge of the TR32 research area, on the strip of land between the
two open-pit mines Hambach and Inden. The intensely monitored
maize field is situated at the transition between the lower and upper
terrace of the Rur river (Geologischer Dienst NRW 2018). As
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this border transects the field, it is characterized by inhomogeneous
field conditions.
Forschungszentrum Jülich
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Figure 2.4: Walter-Lieth climate diagram for Jülich, Germany. Own
creation with data acquired through (NOAA 2018).
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3.1 Abstract
When using microwave remote sensing for LULC classifications, there
are a wide variety of imaging parameters to choose from, such as
wavelength, imaging mode, incidence angle, spatial resolution, and
coverage. There is still a need for further study of the combination,
comparison, and quantification of the potential of multiple diverse
radar images for LULC classifications. Our study site, the Qixing
farm in Heilongjiang province, China, is especially suitable to demon-
strate this. As in most rice growing regions, there is a high cloud
cover during the growing season, making LULC from optical images
unreliable. From the study year 2009, we obtained nine TerraSAR-X,
two Radarsat-2, one Envisat-ASAR, and an optical FORMOSAT-2
image, which is mainly used for comparison, but also for a combina-
tion. To evaluate the potential of the input images and derive LULC
with the highest possible precision, two classifiers were used: the
well-established Maximum Likelihood classifier, which was optimized
to find those input bands, yielding the highest precision, and the RF
classifier. The resulting highly accurate LULC-maps for the whole
farm with a spatial resolution as high as 8m demonstrate the beneficial
use of a combination of x- and c-band microwave data, the potential
of multitemporal very high resolution multi-polarization TerraSAR-X
data, and the profitable integration and comparison of microwave and
optical remote sensing images for LULC classifications.
3.2 Introduction
Satellite remote sensing is used as a powerful tool to monitor the
Earth’s surface, particularly in producing LULC classifications (Foody
2002; Green et al. 1994). In general, creating LULC classifications
builds upon two imaging methods: optical and microwave remote
sensing. Both sensing approaches imply distinct advantages and dis-
advantages. While optical sensors rely on reflectance and cloud free
conditions, microwave sensors only capture the backscatter in a given
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wavelength (Gomez-Chova et al. 2015). Examples of optical LULC
analysis on a global scale are given by Chen et al. (2015), for example,
and for a regional scale by Lo & Fung (1986), and Immitzer et al.
(2016). Microwave imaging using synthetic aperture radar (SAR)
images for LULC emerged in the 1980s, and examples are described
by Bryan (1983) and Dobson et al. (1995). The combined analysis of
optical and microwave imagery to use the advantages of both systems
for LULC classifications was investigated by Solberg et al. (1994),
McNairn, Champagne, et al. (2009), Forkuor et al. (2014), and
Blaes et al. (2005).
A common information gap in LULC classifications and products
are detailed crop classes within the arable land use class (Atzberger
2013). For numerous agricultural applications, the spatial information
of arable land is not su cient. This is true for agro ecosystem
modeling (Lenz-Wiedemann et al. 2010), yield estimation (Vibhute
& Gawali 2013), subsidy control (Schmedtmann & Campagnolo
2015), and retrieval of biophysical plant parameters on regional scales
(Zhao, Hütt, et al. 2015). However, using satellite remote sensing
to di erentiate crops is a demanding task, as di erent crop types
have similar reflection properties in remote sensing images for some
periods of the year (Waldhoff et al. 2012). Those crops can only
be separated from each other by a multitemporal analysis, which
considers the phenology of the investigated crops (Gomez-Chova
et al. 2015). Multitemporal and multispectral optical and infrared
remote sensing has proved to be an e ective approach to discriminate
di erent crops (Pinter Jr et al. 2003). However, as mentioned above,
the availability of optical satellite-borne imagery is sometimes limited
due to cloud cover in the region of interest. Therefore, for many
agricultural regions it is a coincidence whether optical images from
the right time are available or not, which makes crop classifications
based on optical imagery unreliable.
The key advantage of satellite-borne SAR imaging is the indepen-
dence from cloud cover, and as it is an active sensing system, also
from sun-induced reflection. Consequently, SAR imagery has become
an important tool to distinguish agricultural crops (Bush & Ulaby
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1978; Hoogeboom 1983; Blaes et al. 2005; Bargiel & Herrmann
2011; McNairn et al. 2014). Sophisticated SAR systems provide
a temporal resolution that lies within a few days, with a spatial
resolution as high as 20 cm (Prats-Iraola et al. 2012). Such sys-
tems are already in application to deliver annual crop inventories
on regional levels (McNairn, Champagne, et al. 2009). Recently,
polarimetric SAR images have been analysed using decomposition the-
orems such as the alpha/entropy decomposition (Cloude & Pottier
1996), which increases the accuracy of LULC analysis from microwave
data. Especially in rice-growing regions (which usually have a very
high cloud cover during the growing season), polarimetric SAR has
been intensively used as a monitoring tool (Tennakoon et al. 1992;
Chakraborty et al. 1997; Ribbes 2010; Wu et al. 2011; Koppe
et al. 2013; Brisco et al. 2013).
However, there is a wide choice of di erent remote sensing satellites,
radar, and optical. While optical satellites usually operate in one
imaging mode, radar satellites can be programmed to work in di erent
configurations. The user has to choose the polarization configuration,
the incidence angle, and the spatial resolution as a result of the chosen
imaging mode (Breit et al. 2010). Interestingly, only a few studies
such as McNairn et al. (2014) deal with multisensor data (i.e., the
combination and comparison of SAR images from more than one
satellite). Furthermore, to the knowledge of the authors, no other
studies investigate the comparison of di erent imaging modes from
the same sensor in the context of crop classification. In addition,
the image information gained from optical and microwave sensing
methods contains di erent LULC properties. Consequently, combined
approaches of using optical and microwave images can improve the
LULC analysis (Solberg et al. 1994; Blaes et al. 2005; McNairn,
Champagne, et al. 2009; Forkuor et al. 2014).
For a LULC analysis, an extensive set of ground truth is typically
mapped and separated into two datasets. One dataset is used to train
the classifier for the automated classification of the entire image. The
second dataset is used to evaluate the classification’s accuracy. Results
of the evaluation are summarized in a confusion matrix (Foody 2002).
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Based on the confusion matrix, statistical accuracy parameters are
calculated. One is the Overall Accuracy (OA) (Congalton & Green
2008), which counts pixels that are correctly classified in the reference
divided by all pixels that are taken for reference. This procedure
applies for both optical and microwave image classification.
Considering the need for multitemporal and multisensor radar image
classification in a combined approach with optical image analysis for
crop classification, this study is framed by three objectives. (i) To
investigate how to derive LULC classifications from multitemporal,
multisensor, and multi-polarisation SAR satellite images with the best
possible accuracy; (ii) to evaluate the potential of those images and
the combinations to obtain a crop type map with a spatial resolution
as high as 8m; (iii) to identify the best combination of available input
images that yields the best classification accuracy for each respective
part of the study area.
3.3 Study Area and Data
The study area is the Qixing farm, situated in northeast China, in the
Sanjiang Plain (Figure 3.1). The climate is continental and influenced
by monsoonal e ects. As a result, the area is characterized by a
cold and dry winter and a relatively warm summer with su cient
precipitation for high-yield agriculture (Zhao 1986). The growing
season is short and lasts for about five months. Thus, only one yield
per year is possible. Main crops include: paddy-rice, summer-wheat,
soya-beans, pumpkins, and maize. Additionally, the terrain of the
whole farm is virtually flat.
During the 2009 growing season, between June and October, we col-
lected ground data of field crop distribution. A total of 22 agricultural
fields, 3 areas of rural villages, and one lake, covering an area of about
5 km2 were investigated several times. Based on the observations,
their spatial extents were transferred to a Geographic Information
System (GIS). Table 3.1 shows the spatial statistics of the dataset.
The collection of fields was equally divided into a training dataset and
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Figure 3.1: Location of study site, modified after Gnyp et al. (2014).
an independent validation dataset. Di erent fields were either used
for training or validation. Unfortunately, only one pumpkin field, one
lake, and one deciduous forest were situated in the area of interest.
In those cases, we divided single areas into two parts and used one
part for training and the other for validation. All observed fields lie
in an area covered by all remote sensing images. Furthermore, the
area of the validation was roughly matched to be representative of
the study area.
As described in Section 3.2, optical satellite images can be used
exclusively under cloud-free conditions in the area of interest. In the
year of investigation, we observed unusually long periods of rainy and
cloudy weather. The consequence was that only the FORMOSAT-2
image from the beginning of August had a low enough cloud cover over
the area where the training and validation field data were collected.
Various other optical images could not be used because of too many
clouds in the images.
Since SAR imaging is not influenced by clouds and haze in the
atmosphere, all 12 microwave images obtained during the growing
season of 2009 could be used for this study. Acquisition numbers 1–4
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Land Use/Land Cover Number of Extent Area Used for Area Used forPolygons (km2) Classification (%) Validation (%)
Coniferous Forest 3 0.065 27 73
Decideous Forest 2 0.120 43 57
Maize 2 0.169 76 24
Pumpkin 1 0.173 50 50
Rice 6 1.576 26 74
Soya 8 1.858 57 43
Urban 3 0.958 30 70
Concrete 1 0.002 100 -ú
Water 1 0.004 52 48
* dissolved into the class “urban”.
Table 3.1: Field data collected during the 2009 growing season that is
covered by all remote sensing images.
No. Date Sensor Mode Ground Res. Polarisation Pass Extent Rice GrowthAz ◊ Rg (m) (km) Stage
1 5 July 2009 TerraSAR-X Spotlight HS 1.76 ◊ 1.43 HH, VV Asc. 7 ◊ 11 Stem elong.
2 16 July 2009 TerraSAR-X Spotlight HS 1.76 ◊ 1.43 HH, VV Asc. 7 ◊ 11 Booting
3 27 July 2009 TerraSAR-X Spotlight HS 1.76 ◊ 1.43 HH, VV Asc. 7 ◊ 11 Heading
4 7 August 2009 TerraSAR-X Spotlight HS 1.76 ◊ 1.43 HH, VV Asc. 7 ◊ 11 Flowering
5 26 June 2009 TerraSAR-X Stripmap 1.89 ◊ 1.57 VV Desc. 30 ◊ 50 Tillering
6 7 July2009 TerraSAR-X Stripmap 1.89 ◊ 1.57 VV Desc. 30 ◊ 50 Stem elong.
7 18 July 2009 TerraSAR-X Stripmap 1.89 ◊ 1.57 VV Desc. 30 ◊ 50 Booting
8 29 July 2009 TerraSAR-X Stripmap 1.89 ◊ 1.57 VV Desc. 30 ◊ 50 Heading
9 9 August 2009 TerraSAR-X Stripmap 1.89 ◊ 1.57 VV Desc. 30 ◊ 50 Flowering
10 25 June 2009 Radarsat-2 Fine 4.8 ◊ 8.93 HH, HV Asc. 54 ◊ 53 Tillering
11 29 July 2009 Radarsat-2 Fine 4.8 ◊ 6.96 HH, HV Desc. 54 ◊ 53 Heading
12 26 June 2009 Envisat ASAR APS 3.88 ◊ 11.85 VV, VH Asc. 60 ◊ 107 Tillering
13 9 August 2009 FORMOSAT-2 multispectral 8 (4 Bands) - 28 ◊ 34 Flowering
Table 3.2: Remote Sensing acquisitions that were used in this study.
(Table 3.2) are a time series of very high resolution TerraSAR-X images
in dual polarization. A second time series consists of images 5–8 (Table
3.2), which were taken in stripmap mode with only one polarization
and have a lower spatial resolution. While the data density of this
time-series is generally lower, the covered area is about 20 times larger,
but still does not cover the whole area of the farm. Dataset 10–13
(Table 3.2) are from the Radarsat-2 and Envisat satellites. They
operate in c-band, which means increased wavelength and therefore
sensitivity to other properties of the ground. While they have a
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lower spatial resolution, more area is imaged at once. Indeed, the
Envisat image is the only one covering the whole area of the farm.
The polarizations of the Radarsat-2 acquisitions are horizontal-send–
horizontal-receive (HH) and horizontal-send—vertical receive (HV).
For the Envisat acquisition, the polarization configuration is the same,
but the directions of the polarizations are inverted (VV and VH).
3.4 Methods
As described in Section 3.3, the remote sensing data di er from each
other in one basic aspect: The TerraSAR-X Spotlight data (dataset no.
1–4, Table 3.2) and the cloud-free part of the FORMOSAT-2 image
only cover the area where the ground data are taken. The TerraSAR-
X stripmap data (datasets no. 5–9,Table 3.2), the Radarsat-2, and
Envisat data cover a much wider area, but with a decreased spatial
resolution. Therefore, we divided our data into two subsets. One
contains the data that cover a small area at a very high resolution
(dataset no. 1–4, 13). The other subset contains images no. 5–12
(Table 3.2), and is used to provide land use information for the whole
Qixing farm, which covers an area of about 1070 km2.
To process the remote sensing images, the following software pack-
ages were used: The polarimetric radar images were processed with
Polsarpro. The European Space Agency (ESA) provided the Next
ESA SAR Toolbox (NEST) (new name: SNAP/ Sentinel-1 Toolbox),
which was used for speckle filtering and range doppler terrain correc-
tion. For the co-registration of the FORMOSAT-2 image, we used
ENVI 5.0. The Maximum Likelihood classification and its optimiza-
tion (Section 3.4.4) and the error assessment was done using ArcGIS
10.1 and the python scripting extension. The python script can be
downloaded freely using the associated enrichments. The implementa-
tion of the RF Classifier (Section 3.4.5) was done using the statistics
software R (R Core Team 2016) (Version 3.2.5) and the randomFor-
est package (Liaw & Wiener 2002) (Version 4.6.12), with a script
published by (Horning 2013).
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3.4.1 Retrieval of Polarimetric Features
The measured signal from coherent polarimetric SAR systems can be
analysed by determining the covariance matrix C and the coherency
matrix T from the measured signal. The elements of those matrices
can be directly used as input parameters in LULC classifications. As
both matrices are related to each other, and Alberga et al. (2008)
found out that the two matrices lead to similar classification results, we
concentrated on the elements of the covariance matrix C. Furthermore,
by eigenvector analysis of T it is possible to calculate entropy and
alpha, which can be related to backscatter mechanisms on the ground.
This is an advantage to single polarization systems and significantly
improves the results of LULC classifications (Qi et al. 2012).
In this study, we obtained the possible parts of C from the dual
polarimetric data from Radarsat-2 (datasets 9 and 10, Table 3.2) and
TerraSAR-X (datasets 1–4, Table 3.2). In the case of the Radarsat-2
images, the cross elements of C (c12i, c12r) were excluded, because
visual inspection revealed poor quality and unsuitability for LULC
mapping. Additionally, based on the spatially averaged (5 ◊ 5 win-
dow) coherency matrix T, we calculated the dual-pol entropy, alpha
angle, and the degree of polarization (Cloude et al. 2012). In total,
we derived seven individual rasters for each coherent TerraSAR-X
polarimetric radar scene, and five for each Radarsat-2 scene.
3.4.2 Preprocessing of the Remote Sensing Data
For the Envisat ASAR image (dataset 12, Table 3.2), polarimetric
decompositions as described in Section 3.4.1 is impossible, as the
signal is not recorded coherently (Raney & Hopkins 2011). In this
case, only the amplitudes of the radar signal were computed and used
for the LULC classification. The same applies for the TerraSAR-X
scenes that only contain one polarization (datasets 5–9, Table 3.2).
For all radar data, the next step was a multilooking, which decreases
the pixel size, but reduces the speckle e ect. Range and azimuth
multilooking windows were chosen to roughly match the 8m pixel size
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of the final classification.
The orthorectification of radar images is a transformation from
slant range radar geometry to ground range, and involves the usage
of a digital elevation model (DEM). We used data from the SRTM in
90m resolution (Jarvis et al. 2008) to carry out a range-doppler ter-
rain correction as described by Curlander & McDonough (1991a).
During this process, the final pixel size of 8m was determined. We
chose 8m for all products in order to be able to compare and com-
bine the images with the optical FORMOSAT-2 image on the pixel
level. Furthermore, 8m is a good compromise between oversampling
the Radarsat-2 and Envisat ASAR data and undersampling of the
TerraSAR-X data. Additionally, 8m per pixel seems to be a decent
size to determine fields in this region, as our field investigations have
shown that they are rarely smaller than 20m in diameter.
The orthorectification described above has to be carried out with
high spatial precision for the intended pixel-based analysis. There-
fore, it is worth looking at the anticipated positional error of the
orthorectified radar images. It mainly depends on the location error
of the position of the sensor platform during image acquisition and the
error of the used DEM (Curlander & McDonough 1991a). The
first error is known to be low for TerraSAR-X (Nonaka et al. 2008),
Radarsat-2 (Morena et al. 2004), and Envisat (Doornbos et al.
2002). Concerning the second error, Rodriguez et al. (2006) state
the absolute error of the SRTM to be below 10m. The resulting low
positional error of the images is required for the combined pixel-based
processing of the scenes. For a more detailed analysis of this aspect,
see (Zhao, Hütt, et al. 2015), where a subset of the same dataset
was used to create a spatial reference for various other datasets.
In the next step, two speckle filters were applied to all images in
the ground range to decrease the speckle e ect. First, the gamma
map filter with a with a 5 ◊ 5 kernel size, and second, a rather simple
median-filter with a kernel size of 3◊ 3. More radar-specific image
filters resulted in residuals in the final classification and tend to have
a negative impact on the results.
In contrast, the optical FORMOSAT-2 image does not need such
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sophisticated preprocessing; it was co-registered to the orthorectified
TerraSAR-X Spotlight images and thereby benefits from their high
spatial accuracy. The RMSE (root mean square error) was 0.79m,
which is less than one pixel and allows a pixel-based combination of
the image with the involved SAR images.
3.4.3 Supervised LULC Classification Using Remote
Sensing Images
The training part of the ground reference data was used to carry out
a supervised classification, during which a classifier assigns each pixel
location to a certain land use class. The two di erent classifiers used
in this study are the Maximum Likelihood classifier, in combination
with a newly-developed optimization approach, further described in
Section 3.4.4. The second is the Random Forest classifier, described
in Section 3.4.5.
The di erent land use classes for forest and urban were not of
interest for this study, and based on visual examination, it was clear
that none of the remote sensing images would be able to discriminate
between those classes. Consequently, after the classification, the
deciduous and coniferous forest classes were merged into forest, while
concrete was dissolved in urban.
The following validation process to quantify the accuracy of the
LULC-classifications was based on independent ground reference. We
chose OA as the most prominent measure of accuracy in this study. It
is obtained by dividing all correctly classified pixels by all pixels that
were used for validation (Congalton 1991; Congalton & Green
2008). Additionally, we calculated the confusion matrix (which allows
more interpretation of the individual accuracy of the di erent land
use classes) and the kappa-coe cient (Ÿ), which illustrates accuracy
compared to a random classification.
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3.4.4 Maximum Likelihood Classification and
Optimization
The supervised classification using the established Maximum Likeli-
hood classifier was transformed to a python code using the scripting
extension provided by ArcGIS. With this extension, it is possible to
execute all software tools from a programming environment. Next,
we implemented an innovative script logic to determine the raster
band combination that results in the highest accuracy of the LULC
classification, which likewise indicates that this band combination
is suited best for the respective classification. Basically, the whole
process was repetitively executed with stepwise addition of the input
bands, until the highest accuracy was reached or all input bands were
used. Figure 3.2 visually shows the workflow of the process. The
script logic in pseudo-code is as follows:
1. Classify and validate all input raster bands individually.
2. Choose the one which results in the classification with the highest
accuracy.
3. Combine this/these band(s) of the final stack successively with
those bands that are not in the final stack. Add the band whose
combination resulted in the highest accuracy-increase into the
final stack.
4. Repeat step 3 until the accuracy does not increase any more or
all bands are used.
In the end, this optimization process reveals those bands resulting
in an increase of accuracy when added to the image stack of the
classification. All other bands are neglected. Thereby, the optimum
combination of input bands can be found, over-fitting is avoided, and
erroneous information is dislodged. Furthermore, all input features
are evaluated, whether they are able to increase the classification
accuracy or not, which expresses the usefulness of this feature for the
classification.
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Figure 3.2: Workflow to optimize the Maximum Likelihood classifica-
tion and find the input features resulting in the highest
classification accuracy. In the example above, band C22
is the band which results in the highest accuracy in step1,
and is therefore kept in the final image stack. In step2,
the bands HH and C11 would each be combined with
the C22, classified, and validated. In the example, it is
assumed that the combination with C11 results in a higher
accuracy of the classification and is therefore put in the
final stack. In step3, only the HH band has not been used,
and the classification and validation process is only done
to evaluate if the classification accuracy increases, which
would also mean that HH is kept in the final stack. The
“...” indicate that the procedure can also be used to find
the best band of more than three input bands.
3.4.5 Random Forest Classification
The second classifier implemented in this study is the RF classifi-
cation algorithm, introduced by Breiman (2001) and adopted for
the classification of remote sensing images by Pal (2005). RF is a
ensemble learning technique, and builds upon multiple decision trees.
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Each decision tree is built using a subset of the original training data
and is evaluated by the remaining part of training features. New
objects are classified as the class that is predicted by the most trees.
According to Rodriguez-Galiano et al. (2012), the classifier has
three main advantages for LULC classifications from remote sensing
images: (i) It reaches higher accuracies than other machine learning
classifiers; (ii) It has the ability to measure the importance level of
the input images; (iii) It does not make any assumptions about the
distributions assumptions of the input images. Therefore, RF classifi-
cations have been successfully applied to crop classification scenarios
using remote sensing images, optical (Reynolds et al. 2016), and
radar (Zhao et al. 2014; Sonobe et al. 2014). Ok et al. (2012) con-
cluded an accuracy increase using the RF classifier over the Maximum
Likelihood classifier of about eight percent to classify crops using one
Spot5 satellite image.
3.5 Results
As described before, the input datasets were divided into spatial
subsets. One consists of the scenes with a high resolution and the
cloud-free part of the optical image. This area has a smaller extent of
about 5 ◊ 10 km. The resulting 31 combinations were each classified
using the proposed optimized Maximum Likelihood approach and
the RF classifier. An overview of those results is given in Figure 3.3,
whereas individual classifications are presented in Figures 3.4, 3.5, and
3.6. The second spatial subset consists of the five stripmap images of
TerraSAR-X, the two Radarsat2 scenes, and the Envisat ASAR image.
The 15 meaningful combinations of this subset were also each classified
with both classifiers; results are shown in Figure 3.7. Additionally,
the processing time of each of the 92 classifications is stated.
As an illustration, Figure 3.4 shows the result of the the combination
of the four TerraSAR-X Spotlight images (datasets 1–4, Table 3.2),
which results in an accuracy as high as 93%. By adding the optical
FORMOSAT-2 image, it was possible to reach a higher accuracy of
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Figure 3.3: Comparison of the classifications of the smaller extent.
Bold numbers indicate a higher accuracy.
Figure 3.4: Optimized Maximum Likelihood Classification from all
radar data covering the smaller subset (datasets no. 1–4,
Table 3.2).
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95%—the highest accuracy of the study—which is shown in Figure 3.5.
When only two or three radar images are used, the accuracy declines.
Notably, one Spotlight TerraSAR-X Radar acquisition alone still en-
ables the determination of the rice cultivation area with minimum 97%
when using Random Forest, and 94% with the Maximum Likelihood
classifier. However, if two TerraSAR-X Spotlight acquisitions are
combined, the OA reaches at least 86% (Random Forest). Especially
of note, the rice accuracy becomes ideal (>99%). The rice accuracy of
the classification of the optical image alone reaches 97%, whereas the
accuracy of this classification is slightly higher than the classifications
of each single radar acquisition. Interestingly, any combination of
radar and optical images results in substantially increased accuracy
indices. Nevertheless, the best combination of one single radar image
(5 July 2009) and the optical FORMOSAT-2 image reaches an accu-
racy of 92% (Ÿ-index of 0.89%), regardless of the classifier used, and is
the one where the timespan between the acquisitions is longest. This
result is shown in Figure 3.6. This smaller subset also demonstrates
the benefit of the Optimization approach. On the one hand, once the
optimum features are selected, the runtime is considerably reduced;
on the other hand, an analysis of all selected features is possible, as
shown in Table 3.3.
In comparison to the high accuracy values of the small subset, the
classifications of the wider area exhibit lower classification accuracy.
As can be seen, the area at the eastern end of the farm was classified
with lower accuracy, as it was obtained from the Envisat image alone.
Fortunately, only for about 8 km2 of the farm is this the only available
source. Westwards, successively adding the two Radarsat-2 scenes
increases the OA and the accuracy of the rice class to 89% (85% for
Random Forest) after adding the first, and 0.96% (Random Forest and
Maximum Likelihood) after also adding the second one. Notably, the
combination of the two c-band images that are only one day apart from
each other (datasets 10 and 12, Table 3.2) is the worst combination
of the study. The two Radarsat-2 scenes are from di erent angles,
and when classified alone, their accuracy is slightly higher than the
one obtained from the five TerraSAR-X stripmap images (datasets
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Figure 3.5: Optimized Maximum Likelihood Classification from all
data covering the smaller subset (datasets no. 1–4 and 13,
Table 3.2).
Figure 3.6: Best combination of one single radar acquisition
(TerraSAR-X July 5) with the optical FORMOSAT2 im-
age over the smaller area (datasets no. 1 and 13, Table
3.2). Classified using the Optimized Maximum Likelihood
approach.
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Figure 3.7: Accuracy comparison of the classifications from acquisi-
tions with a wider coverage; colours of the rows are the
same as in Figure 3.8 and indicate usage of the combina-
tion for the creation of the final land use map.
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5–9,Table 3.2), which all have the same viewing geometry but only
VV-polarization. In contrast, all combinations of the x-band time
series with each c-band image yields a considerably higher accuracy.
However, the best combination of images reaches 85% accuracy, which
is still lower than the 89% that was obtained from the optical image.
When it comes to the accuracy of the rice class, the combination is
just able to outperform the optical image (98% vs. 97%). This radar
combination covers 80% of the Qixing farm, which equals about 872
km2, and the major parts of Figure 3.8 contain this classification.
Land Cover
Forest
Maize
Pumpkin
Rice
Soya
Urban / Road
Water
Projection: WGS 84 - UTM 53N
8 m Ground Resolution
0 5 10 15
km
overall accuray, datasets
used, covered area
within farm
89% 4x TSX Spotlight, 93 km²
85% Envisat, 1x RS2, 5x TSX
Stripmap, 872 km²
79% 2x RS2, Envisat, 109 km²
79 %,1x RS2, Envisat, 38 km²
51 %, Envisat, 8 km²
Figure 3.8: Combination of the best classifications from all microwave
images involved in this study to classify the whole area of
the farm with the best possible accuracy.
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Feature Times Chosen for the Final Stack
Alpha angle 56
Degree of Polarisation 45
Entropy 34
C12r 34
C11 24
C12i 20
C22 17
Table 3.3: Importance of input features for the smaller subset, follow-
ing the Maximum Likelihood optimization; the maximum
possible value is 64.
3.6 Discussion
Both the developed optimized Maximum Likelihood classification and
the Random Forest classifier work well for LULC and crop analysis
based on multitemporal, multisensor, and multi-polarization SAR
satellite images. The analysis of four TerraSAR-X Spotlight images
results in an accuracy of 93% and 92% for Maximum Likelihood
and Random Forest, respectively, and of up to 99% for the rice
crop class. The combined analysis of those four images with an
optical FORMOSAT-2 image slightly improved the classification to a
maximum of 95% OA (rice accuracy: 99%). Additionally, the mono-
temporal analysis of the four TerraSAR-X Spotlight acquisitions are
each able to determine the area of rice with a very high accuracy of
at least 94%. This is not a new discovery, and is a consequence of the
special interaction of microwaves with inundated rice fields (Koppe
et al. 2013; Inoue et al. 2002). By making use of this interaction,
rice fields can be separated from the other land use classes with
high accuracy (Chakraborty et al. 1997; Miyaoka et al. 2013;
Brisco et al. 2013). Another known fact that can be justified by this
study is that only multi-temporal radar acquisitions are adequate to
dissolve di erent crops (Bush & Ulaby 1978; Hoogeboom 1983).
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Bush & Ulaby (1978) also used dual polarimetric SAR data and
recommended four target revisits at an interval of ten days to get
90% accuracy. We can almost exactly conclude the same from our
study, as the four TerraSAR-X acquisitions—which are 11 days apart
from each other—resulted in accuracy of 93% and 92%, depending on
the classifier. This is also in accordance with the more recent study
of Bargiel & Herrmann (2011), who reached about 90% accuracy
using 14 TerraSAR-X images to separate di erent crops in two regions.
However, in this study, the only way to further increase such high
accuracies was the combination with the optical FORMOSAT-2 image,
which delivered an accuracy of up to 95%. This justifies the studies of
Blaes et al. (2005) and Forkuor et al. (2014). Notably, our study
additionally quantifies the benefit of the optical image: Its availability
substitutes about two TerraSAR-X Spotlight images, as combinations
of two radar images and the optical image deliver accuracies about as
high as the four radar images combined.
These results of the small subset show how the developed approach
is well-suited to reproduce and validate existing knowledge and quan-
tify accuracy improvements from added remote sensing datasets. In
the same way, Figure 3.7 shows accuracy for the wider area, which is
influenced by di erent aspects. Again, accuracy generally increases
when more data is added. Additionally, we demonstrated the benefi-
cial use of combined x- and c-band radar images for crop classification,
which has been shown before McNairn et al. (2014). The wider
area is also a good test-bed for the comparison of the two classifiers
used in the study. The Random Forest classifier seems to be much
more e ective in data-poor situations; the worst classification from
the single Envisat image alone is the extreme example—it has a 16%
higher OA using Random Forest than the same classification using
Maximum Likelihood. Interestingly, in data intensive environments of
the study, the proposed optimization of the Maximum Likelihood is
able to very slightly outperform the Random Forest classifier. Anal-
ysis of the processing time reveals the potential of the Maximum
Likelihood classifier to be carried out much faster, once the optimal
band combination is determined.
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Although our findings o er some insights on crop classification using
diverse SAR satellite images, the limitations of the study design and
outcomes should be recognized. First of all, the crop types presented
in this study are limited. It would be interesting to investigate the
potential to classify other crops with even more diverse SAR images.
Those could also be extended to fully polarimetric images, which
o er much more possibilities to derive polarimetric features. Qi et al.
(2012), for instance, derived as many as 80 di erent features from
two fully polarimetric Radarsat-2 acquisitions for their pixel-based
approach. Furthermore, Souyris et al. (2005) quantified the increase
of accuracy from fully polarimetric versus dual polarimetric L-band
images. Another issue with our study is that more possible SAR
satellites and more SAR acquisition modes were not incorporated.
Data from the L-band SAR sensor PalSAR onboard the ALOS satellite
would extend our analysis to another wavelength, with an evaluation
of its already-demonstrated crop classification potential (McNairn,
Shang, et al. 2009) and the possibility to study the synergistic e ects
of l-, c- and x-band SAR data.
Another key point, especially for the small and more data-intense
subset, is the question of whether or not that many radar datasets at
such a high resolution are necessary. For instance, we described above
that the accuracy of the rice class is always higher from SAR images.
Notably, every high-resolution acquisition alone or any combination
of two radar images is su cient to di erentiate the area of rice. Only
when other classes are relevant and a high OA is needed, do more radar
acquisitions actually make sense. The accuracy of the classification
of the whole farm distinguishes the area of rice with more than 98%
accuracy for 80% of the area of the farm, and the accuracy reaches
85 %. According to Anderson et al. (1976), this is suitable for
application.
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3.7 Conclusions
In this study, we determined LULC of a rice farm in north-eastern
China. The main objective was to fill the information gap of detailed
crop classes within the arable land use class using a combination of
multitemporal, multisensor, and multi-polarisation microwave satellite
acquisitions. Forty-six di erent combinations of acquisitions were
evaluated, and their accuracy quantified. A supervised classification
was carried out using two di erent classifiers. The state-of-the-art
Random Forest classifier and the well-established Maximum Likelihood
classifier, which was optimized using an innovative script to find the
optimum input bands. Finally, the classifications were merged to
reach an optimized classification of the whole farm with the best
accuracy possible. This final classification covers more than 1000 km2,
in a spatial resolution as high as 8m. Most of the area of the farm
was classified with more than 85% accuracy, while the accuracy of the
land cover class rice (which is the most important one) was almost
perfect.
The results of the study concur with various studies on SAR-based
crop classification. Furthermore, the potential of microwave and
optical images to di erentiate the area of rice is demonstrated and
quantified on a regional scale with very high spatial resolution. It is
shown that microwave and optical remote sensing is eminently suitable
to discriminate the area of rice with high spatial resolution.
Data from c-band radar satellites such as Sentinel-1, Radarsat-2,
and the future Radarsat constellation combined with operational
x-band satellites such as TerraSAR-X, TanDEM-X, and PAZ make
the presented approach ideal for even more data-intense study sites
and years in the future. It is well suited to be adopted for other
LULC crop distribution studies on regional scales. As the Maximum
Likelihood optimization script is freely downloadable, all that is
needed is therefore a ground truth set of crop distribution of the
respective year and remote sensing images. The possibility to integrate
multiple acquisitions from di erent sensors and automatically find the
ideal combination of bands for land use classification is an important
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improvement for future LULC mapping from satellite remote sensing
observations.
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4.1 Summary
Geodata, including optical remote sensing images and topographic
vector data, can be collected from multiple sources such as surveying
and mapping agencies, commercial data acquisition companies, and
local research institutes. These multi-source data have been widely
used in past remote sensing and GIS studies in various applications.
However, spatial inconsistencies inherent in the multi-source data
require accurate georeferencing to be applied. This is challenging
for study sites with limited accessibility and few reference maps. To
address this challenge, this paper proposes an approach for generating
Ground Control Points (GCPs) using TerraSAR-X data. In a case
study, TerraSAR-X images were used to georeference multi-source
data covering the Qixing Farm in Northeast China. First, a stack of
five multi-temporal TerraSAR-X images were processed into one ref-
erence image to retrieve GCPs. These were then used to georeference
the other datasets including Huanjing-, Landsat-5, FORMOSAT-2,
and RapidEye satellite images, as well as topographic vector datasets.
Identifying tie points in the multi-source datasets and the correspond-
ing GCPs in the TerraSAR-X reference image enables georeferencing
without field measurements. Finally the georeferencing accuracies for
the optical remote sensing images were assessed by using independent
check points. Good results were obtained for the Huanjing, Landsat-
5, FORMOSAT-2 and RapidEye images, with an absolute error of
7.15m, 6.97m, 8.94m and 10.52m, respectively. For the topographic
vector datasets, ideal visual results were achieved, attributable to
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the rubber sheeting algorithm. These results demonstrate that the
TerraSAR-X reference image is suitable for georeferencing multi-source
data accurately and cost-e ciently. The developed procedure can be
applied in other study regions and is especially valuable for data-poor
environments.
4.2 Zusammenfassung
Zusammenfassung: Georeferenzierung von Raster und Vektordaten aus
unterschiedlichen Quellen mit Hilfe von multitemporalen TerraSAR-X
Aufnahmen – eine Fallstudie der Qixing-Farm im Nordosten Chinas.
Für räumliche Analysen kommen Geodaten wie Fernerkundungsdaten
und topographische Vektordaten zum Einsatz, die von diversen Ein-
richtungen, u.a. Vermessungsämtern, kommerziellen Geoinformations-
Dienstleistern und Forschungsinstituten bereitgestellt bzw. bezogen
werden. Diese aus unterschiedlichen Quellen stammenden Daten (Mul-
tidaten) werden für zahlreiche Anwendungen in Fernerkundungs- und
GISStudien genutzt. Jedoch beinhalten diese Daten räumliche Unge-
nauigkeiten, die zunächst eine präzise Georeferenzierung erforderlich
machen. Dieses stellt vor allem für Untersuchungsgebiete mit ein-
geschränkter Zugänglichkeit und nicht verfügbaren Referenzdaten
eine Herausforderung dar. Dieser Artikel erklärt, wie Passpunkte
aus Daten des Radarsatelliten TerraSAR-X für die Georeferenzie-
rung von Multidaten generiert werden können. In einer Fallstudie
der Qixing-Farm im Nordosten Chinas wurden fünf multitempora-
le TerraSAR-X-Radarbilder zu einem Referenzbild zusammengefügt,
um mit hoher Genauigkeit Passpunkte abzuleiten. Diese Passpunk-
te dienen der Georeferenzierung mehrerer Multidaten aus diversen
Quellen, welche sowohl Huanjing-, Landsat-5-, FORMOSAT-2-, und
RapidEye-Satellitenbilder als auch topographische Vektordaten um-
fassen. Die Identifizierung derselben Passpunkte in dem TerraSAR-X-
Referenzbild und in den Multidaten diverser Quellen ermöglicht eine
genaue Georeferenzierung ohne im Gelände aufgenommene Messdaten.
Die Genauigkeit der Georeferenzierung für die optischen Satellitenbil-
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der wurde durch unabhängige Kontrollpunkte bewertet. Es wurden
gute Ergebnisse für die Huanjing-, Landsat-5-, FORMOSAT-2 und
RapidEye-Satellitenbilder mit absoluten Fehlern von 7,15 m, 6,97 m,
8,94 m bzw. 10,52 m erzielt. Für die Georeferenzierung der topographi-
schen Vektordaten wurden optimale visuelle Resultate erzielt, welches
dem eingesetzten „Rubber Sheeting Algorithm“ zuzuschreiben ist. Die-
se Ergebnisse demonstrieren die Eignung der aus TerraSAR-X-Daten
abgeleiteten Passpunkte, um Multidaten verschiedener Quellen genau
und kostene zient zu georeferenzieren. Das entwickelte Verfahren
kann auf andere Untersuchungsregionen übertragen werden und ist
besonders wertvoll für Gegenden mit schlechter Verfügbarkeit von
Referenzdaten.
4.3 Introduction
Data quality plays a critical role in geodata related research (Bareth
2009). To ensure data quality, georeferencing becomes a mandatory
and crucial task. In this paper, datasets from di erent sources, each
characterized by their unique attributes and properties, are referred
to as multi-source data. Compared to single-source data, multi-source
data can provide adequate information with di erent spatial and
temporal resolutions, map scales, and spectral properties (Li 2010;
Waldhoff et al. 2012). Multi-source data provided by various gov-
ernmental bureaus or non-governmental organizations such as local
research institutions or special research groups may vary in many
interpretation aspects and in terms of (spatial) data quality. Both geo-
graphic information system (GIS) and remote sensing (RS) data carry
plenty of geospatial information but with di erent nature and content
and with di erent semantics (Weis et al. 2005). The integration of
remote sensing and GIS is emerging as a new research field (Zhang
2010). Gómez-Candón et al. (2012) indicated that the locational
errors in high resolution images, e.g. GeoEye-1 images, a ect the
delineation of the input prescription map which is a core problem for
the implementation of site-specific agricultural management strategies.
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Weber et al. (2008) confirmed that coregistration errors between
imagery and field sites led to remarkable errors in landscape classifi-
cation, particularly when the size of the target site was similar to the
image pixel size. Moreover, in some cases, such as in China, detailed
topographic data (1:5,000 - 1:25,000) with high spatial accuracy may
not be accessible due to data sharing and management policies or lack
of surveying and mapping activities (Bareth & Yu 2004). Because of
heterogeneous qualities, the integration and georeferencing processes
for multi-source data are indispensable, complex and highly dependent
on the purpose of the study. A variety of methods for multi-source
data integration and georeferencing have been developed in the past
decades to eliminate spatial inconsistencies in multi-source datasets.
For example, a Markov random field model was applied to merge
images from multiple sensors for a land use (Solberg et al. 1996).
A statistical approach to match relational features was introduced
by Walter & Fritsch (1999). An iterative closest point algorithm
was implemented to match features using a spatially precise map as
the reference (Gösseln & Sester 2004). Empirical and theoretical
methods were implemented by Usery et al. (2009) for integrating the
national maps of the United States with di erent scales and resolu-
tions in vector and raster datasets. In addition, several automatic
approaches have been developed to compute the imagery-to-vector
conversion (Wu et al. 2007), identify control point pairs from images
using vector datasets as the glue layers (Chen, Knoblock, et al.
2006), conflate vector maps to high resolution imagery (Song et al.
2009), or georeference image sequences in real-time (Choi & Lee
2012).
In recent studies, SAR imagery has been used to quantify the spatial
inconsistencies of geodata and to collect GCPs for georeferencing. SAR
sensors are all-weather and day-night active microwave sensors that
collect information of the targets according to the signal transport
time between the sensor position and the terrain height. They have
the potential to provide images with very high geometric accuracy
(Ager & Bresnahan 2009; Rodriguez et al. 2006). In particular,
the German TerraSAR-X satellite launched in 2007 is equipped with
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a highly flexible phased array antenna for SAR Stripmap, ScanSAR,
and Spotlight operations (Mittermayer & Runge 2003). An overall
ground accuracy of less than 1m has been demonstrated when the
images are projected to a precise terrain height (Ager & Bresnahan
2009; Koppe et al. 2010; Nonaka et al. 2008). Therefore, the
TerraSAR-X products can be used to generate topographic maps and
create accurate orthoimagery products (Badurska 2011; Reinartz
et al. 2011; Schneider et al. 2009).
To further explore the potential capability of TerraSAR-X imagery
as a source for locating GCPs and subsequently to georeference mul-
tisource data characterized by varying properties and accuracies over
a large area, a feasible and robust method which takes the advan-
tage of the high spatial resolution and high geometric accuracy of
TerraSAR-X imagery is introduced. The main specific objectives are
(i) to georeference topographic vector data from multiple sources;
(ii) to improve the georeferencing results of Huanjing, Landsat-5,
FORMOSAT-2, and RapidEye satellite images; and (iii) to assess the
accuracy of georeferenced datasets and to evaluate if the results are
highly dependent on the spatial accuracy of the TerraSAR-X imagery.
4.4 Study Area and Data
4.4.1 Study Area
The Sanjiang Plain, located in Northeast China, is an alluvial plain
formed by the Songhua River, the Heilong River and the Wusuli
River. The topography is fairly flat with a slope of <0.012 °. With
an area of approximately 11 million ha, it is an important wetland
area and ecosystem in China. Some wetland sites in this area have
been designated for the list of wetlands of international importance
(Wang et al. 2006). In addition, the Sanjiang Plain is the largest
food base of China, where 52 national-owned farms are located. The
climate is temperate sub-humid, with a mean annual precipitation of
500 mm - 600 mm (80% of it occurring between May and September),
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Figure 4.1: Location of the study area Qixing Farm in Northeast
China.
and an average temperature of 21 °C - 22 °C in July and -˜18 °C in
January. Nowadays, single season crops of paddy rice, soybean and
maize are mainly planted in this area. The study site Qixing Farm
(47.2 °N, 132.8 °E), which covers an area of approximately 120,000
ha, is located in the central part of the Sanjiang Plain (Figure 4.1).
As of 2010, 62 % of the study site was arable, dominated by three
quarters of paddy rice and one quarter of dryland (Zhang 2012). In
the paddy rice fields, rainfed and irrigation systems simultaneously
exist. To improve the growing conditions of agricultural crops, shelter
forests were planted in the late 1980s, primarily to reduce the speed
of ground wind (Liu & Zhao 1996).
4.4.2 Data Description
A time series of five TerraSAR-X images (stripmap, VV-polarisation,
incidence angle ≥ 35°, relative orbit 88, descending) was taken within
44 days from June 24 to August 7 of 2009 (see Table 4.1). These
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five stripmap images in the basic Single Look Slant Range Complex
(SSC) form with intensity and phase information for each pixel in
slant range geometry were used to create a TerraSAR-X reference
image. The orbit precision was set to ‘science’, which means that the
satellite position during image acquisition is calculated with an error
of less than 20 cm in a post processing step (Fritz & Eineder 2013).
This post processing dramatically increases the positional accuracy
and thereby the image potential for generating GCPs (Koppe et al.
2010).
The Qixing Farm field boundary file was produced by the Qixing
Modern Agriculture Development Center. This GIS layer was given
in Universal Transverse Mercator (UTM) coordinate reference system,
zone 53 N. It provides the information on crop field boundaries,
irrigation wells, water drainages, and shelter forests edges at a fine
field unit scale. However, this dataset did not line up with any of the
other datasets in our project. The inconsistency was nonsystematic
in distance or directions (Figure 4.3). An o set of more than 200m
between this dataset and the TerraSAR-X images was identified in
the northwest part, whereas in the southeast part the shift was more
than 300m in the opposite direction.
The public version of the 1:250,000 topographic vector dataset
was produced by the National Geomatics Center of China (NGCC).
This dataset includes multiple layers of administration boundaries,
settlements, railways, roads, hydrological information, and landscapes.
However, as Bareth & Yu (2004) indicated, the spatial accuracy is
not as high as expected. Therefore, a refined georeferencing of the
public version is needed in this study.
The Huanjing, Landsat-5, FORMOSAT-2, and RapidEye satellite
images were acquired from 2009 to 2012 in the growing season. The
agricultural constructions, e.g. irrigation channels and raised ridges,
for paddy rice in the study area are the same year by year and the field
boundaries are mostly stable. Therefore, one TerraSAR-X reference
image can be used in multiple years. The detailed information of the
remote sensing data is listed in Table 4.1.
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Satellite
Pixel
Spacing
(m)
Bands AcquisitionDate Projection
Cloud
Cover
(%)
Processing
Level
TerraSAR-X 1.89 (az) x1.57 (rg) -
June 24,July
5, 16, 27, Aug.
7, 2009
WGS 84
UTM 53 N - - SSC
Huanjing
(CCD2) 30 x 30 4 June 29, 2012
WGS 84
UTM 53 N
0
(subset) 2
Landsat-5 30 x 30 7 Aug. 26, 2011 WGS 84UTM 52 N
0
(subset) 1T
FORMOSAT-2 2 x 2(PAN) 5 July 6, 2009
Geographic
(Lat/Lon) 0 1A
RapidEye 5 x 5 5 May 19, 2012 WGS 84UTM 53 N 0 3A
Table 4.1: Characteristics of the remote sensing images (az = azimuth,
along track, rg = range, across track).
4.5 Methods
4.5.1 Workflow of Georeferencing Multi-source
Datasets
The schematic workflow of multi-source data georeferencing is shown
in Figure 4.2. There are mainly four steps involved: (1) pre-processing
of the multi-temporal TerraSAR-X images to generate one single
reference image; (2) selection of GCPs from the processed TerraSAR-
X imagery and corresponding tie points from optical remote sensing
images or topographic vector maps; (3) reducing locational errors
by recursively reselecting GCPs and corresponding tie points until
achieving low positional error (PE) values or satisfactory visual results;
(4) generating georeferenced datasets by image resampling or GIS data
matching. Steps 1 and 2 are the key steps of this approach, which
highly a ect the quality of the GCP interpretation and consequently
the final results. We decided to use the PE because it is implemented
in the software that we used and because the documentation of the
individual error of every point proves best the e ciency of the proposed
67
4 Georeferencing Multi-source Geospatial Data
method. The standard deviation (Std.) that characterizes the overall
error is also given be as a comparison (Table 4.2).
Figure 4.2: Georeferencing workflow of the multi-source geospatial
data, PE = positional error.
4.5.2 Creation of the Reference Image from
TerraSAR-X Stripmap Acquisitions
A stack of five TerraSAR-X stripmap images was used to create the
reference image. Radar image processing was performed using the
NEST distributed under the GNU General Public License. To meet
the requirement of a geocoded image in which the precise outlines of
objects are identifiable, certain pre-processing techniques were applied.
First the ‘complex pixel value ’were used to calculate an amplitude
image representing the strength of radar backscatter for each radar
pixel cell. During the following ‘Range Doppler Terrain Correction
’, the elevation data from the Space Shuttle Topography Mission
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(SRTM) in a spatial resolution of 3 arc-seconds served to transform
the radar images from slant range geometry into the UTM coordinate
reference system. Pixel spacing of the resultant geocoded product
was set to 2 m to minimize spatial information loss, and to meet the
file requirements of a manageable product. The main drawback of
the SAR image with regard to the visible interpretation is the speckle
e ectwhich is an inherent noise of all radar images, often called grainy
salt and pepper noise. To reduce this e ect, a mean image of the
five geocoded images was calculated and a 3x3 mean speckle filter
applied. The radiometric resolution was reduced from 16 bits to 8
bits. Therefore, the data size was considerably reduced. Likewise, the
image representation speed was dramatically increased. In spite of
a radiometric information loss during this procedure, the processed
TerraSAR-X reference image provides su cient information for human
interpreters to clearly define unambiguous GCPs with a high spatial
resolution. Absolute radiometric calibration was not needed in this
process as all five images have the same calibration constants, and
moreover, the quantitative analysis of the backscattered signal was
not the focus of this study. The resultant greyscale radar image was
almost specklefree and the shapes of all objects necessary in this
research could be identified.
4.5.3 Georeferencing of TopographicVector Data
Georeferencing of the topographic vector data was based on a rubber
sheeting algorithm. The rubber sheeting, alternatively called rubber
sheet, algorithm is one of the earliest and the most common computer
cartogram algorithms (Tobler 2004). This technique derives its
name from the logical analogy of stretching a piece of rubber to fit
over some objects (Cobb et al. 1998). During the process, map areas
are subdivided into triangular-shaped regions and local adjustments
are applied on each single region. After that, each triangle either
enlarges or shrinks iteratively toward its ideal size without changing
the topology of the map (Gillman 1985) (Dougenik et al. 1985).
An iterative math-physical cartogram algorithmfor continuous area
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was proposed by Dougenik et al. (1985). This algorithm was recently
improved by implementing an auxiliary quadtree structure in the
process (Sun 2013b) (Sun 2013a).
In this study, the rubber sheeting tool of ArcGIS 10.1 was used to
transfer the topographic vector data. Approximately 600 reference
points, evenly distributed over the entire area of Qixing Farm, were
selected as georeferencing points from the TerraSAR-X reference image.
As Reinartz et al. (2009) proposed, the selection of reference points
from the TerraSAR-X image is not always a straightforward procedure.
Based on our experience, corresponding points were selected according
to following rules: (i) Select points in the TerraSAR-X reference image
that are located at the intersection of the paddy field ridges, rural
road edges, canopy crossings of di erent crops, or corners of artificial
waters, which are in all cases clearly identifiable and unchanged during
the 3 year-period from 2009 to 2012. (ii) Avoid elevated objects such
as forest edges or tall buildings due to their systematic locational
errors such as foreshortening, layover, and shadowing, induced by the
radar imagery acquisition procedure. (iii) Select only points that have
a corresponding (tie) point in the vector dataset, e.g. the Qixing Farm
boundary data with line intersections and corners. A similar process
was applied to the topographic GIS data provided by the NGCC.
4.5.4 Georeferencing of Optical remote sensing Data
Multiple optical remote sensing aforementioned data were also selected
to demonstrate the georeferencing process based on the TerraSAR-X
reference image. In particular, image subsets covering the Qixing
Farm were created for the Huanjing and Landsat-5 satellite data. All
optical satellite images were georeferenced according to these main
steps: First, all satellite images were reprojected into the UTM WGS
84 system to obtain an overview of the data inconsistencies. Second, a
set of control points was selected from the TerraSAR-X reference image
based on the aforementioned rules. Consequently, the corresponding
points have to match the objects which can be clearly identified in
the optical remote sensing imagery in this case. Third, in order to
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improve the transformation model and to minimize the errors caused
by the manual measurement, GCPs and corresponding tie points were
updated iteratively by eliminating the points with highest PEs and
selecting additional control points until the residual errors fell below
the maximum allowed value. The decision if a PE value was too high
depended on the spatial resolution of the image to be georeferenced.
For every single GCP, the maximum allowed value was within the
subpixel range. Finally, a certain number of independent points were
defined as check points to evaluate the accuracy of the transformation.
During the validation process, the GCPs were used to calculate the
transformation model while the check points were used to evaluate
the errors in the geometric transformation independently. In our case,
the PE is the horizontal distance between the input location of a
GCP and the transformed location of the same GCP. The PE was
calculated according to Congalton & Green (2008).
PE =

( X2 + Y 2), (4.1)
where  X and  Y are the positional di erences between the reference
point and the corresponding image or map position in the X and Y
directions, respectively.
4.6 Results
4.6.1 Georeferencing Results of Topographic Vector
Data
After the georeferencing based on the rubber sheeting algorithm, the
georeferenced vector data of the Qixing Farm field boundaries (cyan)
su ciently fit to the new field boundaries which are clearly detectable
in the TerraSAR-X image. The problem of nonsystematic spatial
inconsistency was well overcome and the shape of the vector graphics
was preserved (Figure 4.3). Similar results were also obtained for the
topographic data provided by the NGCC.
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Figure 4.3: Field boundary data, before (yellow) and after (cyan) the
georeferencing; red arrows in the left figure show the vector
force of the rubber sheeting procedure. Background data
in the right figure: TerraSAR-X reference image.
4.6.2 Georeferencing results of optical remote
sensing data
Optical remote sensing data were georeferenced according to the
method described in the previous sections. Table 4.1 shows the
relevant information of the selected GCPs. After recursively selecting
control points, the final PEs were less than half a pixel for both
the Huanjing (CCD2) and Landsat-5 images, and nearly one pixel
for the FORMOSAT-2 and RapidEye images. Figure 4.4 shows the
georeferencing results visually. The ground features from each of the
images fit well. The roads match properly in all images and the paddy
field block boundaries are ideally aligned to each other in the higher
resolution images (TerraSAR-X, FORMOSAT-2 and RapidEye).
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Satellite
Pixel Size
(resampled)
(m)
Imagery/subset
spatial
extension (km)
Number
of control
points
PE
(average)
(m)
PE
(max.)
(m)
PE
(min.)
(m)
Std.
(m)
Huanjing(CCD2) 30 x 30 55 x 55 100 12.66 27.39 1.87 6.70
Landsat-5 30 x 30 48 x 68 220 9.04 16.63 0.59 3.85
FORMOSAT-2 2 x 2 (PAN) 30 x 28 143 3.43 5.91 0.3 1.35
RapidEye 5 x 5 24 x 24 64 4.09 9.36 0.60 2.12
Table 4.2: Accuracy of the selected GCPs (PE = positional error, Std.
= standard deviation).
4.6.3 Spatial accuracies of the georeferenced optical
remote sensing data
To evaluate the spatial accuracies of the georeferenced optical remote
sensing data, independent check points covering the whole scene were
created and their spatial parameters were analyzed. To capture the
maximum PE results, the check points were located in the areas where
the GCP density was relatively low. The results were summarized
in Table 4.3. The average PEs of the check points were at a sub-
pixel value (slightlymore than 0.1 pixel) in the Huanjing (CCD2)
and Landsat-5 images. Accuracies of 2.5 pixels and 1.3 pixels were
achieved for the FORMOSAT-2 and RapidEye imagery, respectively.
The average PE values for all four types of satellite images ranged
from 3.11 m to 6.66 m.
4.7 Discussion
4.7.1 Analysis of the Anticipated Spatial Error in the
Processed TerraSAR-X Reference Image
The geometric distortion of SAR imagery products can be caused by
three components (Curlander & McDonough 1991a): (i) sensor/
platform instability and signal propagation e ects, (ii) terrain height,
and (iii) processor induced errors. The uncertainties embedded in the
SSC products comprise only the first type of error, which is less than
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Figure 4.4: An example of georeferenced multi-source remote sens-
ing images in comparison to the TerraSAR-X image.
From left to right: 1st row: FORMOSAT-2, TerraSAR-
X, Landsat-5, Huanjing, RapidEye; 2nd row: Landsat-5,
Huanjing, RapidEye, FORMOSAT-2, TerraSAR-X; 3rd
row: RapidEye, FORMOSAT-2, TerraSAR-X, Landsat-5,
Huanjing; 4th row: TerraSAR-X, Landsat-5, Huanjing,
RapidEye, FORMOSAT-2; 5th row: Huanjing, RapidEye,
FORMOSAT-2, TerraSAR-X, Landsat-5.
1 m ((Nonaka et al. 2008),(Fritz & Eineder 2013)). The second
type of errors comes from the SRTM DEM dataset. Rodriguez et al.
(2006) found that the absolute height error of the SRTM in Eurasia
was less than 6.2 m; whereas in the Sanjiang Plain study site, where
the topography is fairly flat, the absolute error was less than 2 m
according to the SRTM terrain height error data product. Hence, the
target range location error ( R) determined by the terrain height
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estimation can be calculated using (2) (Curlander & McDonough
1991a):
 R =  h/ tan ÷ (4.2)
where  h is the height (DEM elevation) estimation error (2 m) and
÷ is the location incidence angle (35 º in this study). Therefore, the
 R for this study was calculated as 2.86 m. The processor induced
error is process dependent and is denoted as  ”i . The overall absolute
spatial error of the projected TerraSAR-X imagery can therefore be
calculated by these three components,with the result of (3.86 +  ”i)
m. Where the processor induced error  ”i during TerraSAR-X image
processing can be assumed to be infinitely small.
Satellite
Pixel Size
(resampled)
(m)
Imagery/subset
spatial
extension (km)
Number
of check
points
PE
(average)
(m)
PE
(max.)
(m)
PE
(min.)
(m)
Std.
(m)
Huanjing(CCD2) 30 x 30 55 x 55 20 3.29 8.05 1.81 1.55
Landsat-5 30 x 30 48 x 68 34 3.11 16.48 1.80 1.11
FORMOSAT-2 2 x 2 30 x 28 30 5.08 7.44 1.07 1.89
RapidEye 5 x 5 24 x 24 10 6.66 8.42 4.08 1.21
Table 4.3: Accuracy of the independent check points.
4.7.2 Quantified Spatial Accuracy of the
Georeferenced Datasets
Considering all spatial inconsistent sources, the overall absolute error
of the georeferenced datasets can be estimated. The overall errors
of the georeferenced optical remote sensing data, which is equal to
the sum of the PE in Table 4.3 and the geometric distortion of the
TerraSAR-X image (3.86 m), were 7.15 m, 6.97 m, 8.94 m, and
10.52 m for Huanjing, Landsat-5, FORMOSAT-2, and RapidEye
satellite images, respectively. Dai & Khorram (1998) found that a
registration error of less than onefifth of a pixel should be achieved
to detect 90% of the true changes. Hence, the registration results for
the Huanjing (CCD2) and Landsat-5 images can support a change
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detection analysis with a spatial error close to 10%. In surface area
estimation, Ozdogan & Woodcock (2006) noted that spatial errors
are dependent on both remote sensing image resolution and the field
size because of ‘the distribution of subpixel proportions ’, especially
when the field size is similar to or less than the remote sensing
data resolution. In this study, the results of the FORMOSAT-2 and
RapidEye images processing are su cient for field-unit level analysis
since the size of each field block unit is typically larger than 5,000
m2. The field block is the smallest area of a farm management unit
and is considered as the primary scale for management decisions. The
high accuracies for the Huanjing and Landsat-5 image processing are
also beneficial for studies at the farmer-unit level, as a farmer’s crop
field is generally larger than 20 ha. Figure 4.5 provides a visual result
of datasets from multiple sources over the entire area of the Qixing
Farm.
4.7.3 Feasibility of the Approach
In this study, topographic vector datasets and optical remote sensing
images from multiple sources were georeferenced using GCPs derived
from the TerraSAR-X reference image without the need for labour
intensive field work. The creation of the TerraSAR-X reference image
and its use to locate accurate GCPs is critical, because it not only
determines the precision of the results but also the feasibility of this
method.
Although many studies (Sowmya & Trinder 2000; Sohn & Dow-
man 2007; Reinartz et al. 2009) have attempted to extract geometric
features, e.g. GCPs, automatically from satellite images, there is a
lack of reports on automatic methods for georeferencing multi-source
data. Automatic feature extraction methods have limited applica-
bility due to their complex parameterization and strict condition
requirements (Cobb et al. 1998). Moreover, automatic methods for
integrating GIS data and satellite imagery are rare.
The strategy proposed in this study showed that for each dataset,
di erent GCPs were required due to the diverse characteristics of the
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Figure 4.5: Georeferenced multi-source data for the study area of
Qixing Farm.
multi-source data. Manual procedure meets this requirement and en-
sures the spatial accuracy. Although the high resolution TerraSAR-X
imagery supplies a su cient number of GCPs, the selection of the
GCPs and their corresponding tie points is never straightforward.
There is still a need to establish the criteria for selecting reference
points systematically. Another drawback of this method is its ine -
ciency in processing a large number of datasets. However, the proposed
method still is especially valuable for data-poor environments lacking
reference data.
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4.8 Conclusions
This study provides an applicable and coste ective approach for
georeferencing multisource data with di erent characteristics and
non-systematic spatial inconsistencies. It is an especially beneficial
technique for large study sites with limited accessibility and reference
maps. The results demonstrated the feasibility of using TerraSAR-X
imagery to accurately georeference multi-source datasets without in-
situ GCP data collection.By using the mean of five TerraSAR-X images
and the mean filter, a speckle-free reference image was generated. This
proved to be critical for locating su cient GCPs successfully. The
PEs of the check points were less than 0.2 pixel for the 30 m resolution
images (Huanjing and Landsat-5), approximately 2.5 pixels for the
FORMOSAT-2 images, and 1.3 pixels for the RapidEye images. The
overall errors were nearly less than 10 m for all four types of images.
The discrepancies among each pair of the TerraSAR-X and GIS data
were only assessed visually, which demonstrates a need for further
study.
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5.1 Abstract
Crop distribution information is essential for tackling some challenges
associated with providing food for a growing global population. This
information has been successfully compiled using the MDA. However,
the current implementation of the approach is based on optical re-
mote sensing, which fails to deliver the relevant information under
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cloudy conditions. We therefore extend the MDA by using Land
Use/Land Cover classifications derived from six multitemporal and
dual-polarimetric TerraSAR-X stripmap images, which do not re-
quire cloud-free conditions. These classifications were then combined
with auxiliary, o cial geodata (ATKIS and Physical Blocks (PB))
data to lower misclassification and provide an enhanced LULC map
that includes further information about the annual crop classification.
These final classifications showed an OA of 75% for seven crop-classes
(maize, sugar beet, barley, wheat, rye, rapeseed, and potato). For
potatoes, however, classification does not appear to be as consistently
accurate, as could be shown from repeated comparisons with vari-
ations of training and validation fields. When the rye, wheat, and
barley classes were merged into a winter cereals class, the resultant
five crop-class classifications had a high OA of about 90%.
5.2 Introduction
Sustainable production of su cient food for the growing earth popula-
tion is a challenge (Godfray et al. 2010). Dealing with this challenge
requires, among other data, timely information about the distribution
of agricultural crops. Timely means that the information is at least
provided annually, as crop production is usually linked to a yearly
growing season. However, for harvest forecast estimation based on
the acreage, the crop classification maps are already needed during
the growing season (McNairn et al. 2014). Once this spatial crop
information is available, regional agroecosystem models can be estab-
lished (Reichenau et al. 2016; Simmer et al. 2015) and the crop
status monitored (Zhao, Lenz-Wiedemann, et al. 2015). It is even
possible to estimate a crop’s yield before harvest (McNairn & Shang
2016), which permits better planning of the available resources. Yet,
this essential crop information is rarely available in o cial geodata
statistics.
Information about land LULC is widely obtained using remote sens-
ing. Remote-sensing-based LULC and crop distribution mapping at a
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regional scale is usually performed using optical remote sensing data
of moderate spatial resolution (Atzberger 2013), synthetic aperture
radar (SAR) data (McNairn & Shang 2016), or a combination of
both (Blaes et al. 2005; Forkuor et al. 2014; McNairn, Cham-
pagne, et al. 2009). Prominent are the optical data from the Landsat
mission, which have been extensively used for crop-type mapping
(Bauer et al. 1978; Homer et al. 2004; Oetter et al. 2001; Tatsumi
et al. 2015). Lately, the Sentinel constellation, consisting of optical
and radar satellites has also been successfully used for this purpose
(Bargiel 2017; Immitzer et al. 2016).
However, classifying the highly dynamic annually grown crops based
on remote sensing images usually involves multitemporal acquisitions
because obtaining the crop distribution from one single acquisition is
not su cient (Brisco et al. 2013; Bush &Ulaby 1978; Siachalou et
al. 2015; Skriver 2012; Sonobe et al. 2014; Van Niel & McVicar
2004a). One reason is the spectral or radiometric limitation of contem-
porary sensor systems (Vinciková et al. 2010), but the biggest issue
is the similarity in reflectance of the fields during most phenological
stages. Some crop types are only distinguishable at specific times of
the year and appear similar throughout the rest of the growing season.
A proper planning of the dates of image acquisition and finding the
optimal Acquisition Windows (AWs) for the region of interest are
therefore crucial (Foerster et al. 2012; Van Niel & McVicar
2004a).
Besides the multitemporal approach, LULC mapping can also be
performed using existing external geodata from mapping agencies
(Homer et al. 2004; Lu & Weng 2007; Smith & Fuller 2001).
Fusing crop classifications with such data has the advantage that
the area that is not used for agricultural production can be excluded
from the analysis, which lowers misclassification and allows a more
disaggregated LULC analysis. One prominent example is grassland
within urban areas: Solely based on the reflectance analysis, it is
impossible to di erentiate between an urban green area (for example
for recreational purposes) and agricultural grassland. However, this
is possible using data from the relevant authority.
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LULC classifications enriched with missing information about an-
nually grown crops is also the main focus of the MDA(Bareth 2008;
Waldhoff et al. 2012; Lussem &Waldhoff 2014;Waldhoff 2014;
Waldhoff & Bareth 2009; Waldhoff et al. 2017). It combines
multitemporal remote sensing images and external geodata to produce
LULC maps, including information about the crops grown each year.
It was successfully developed and applied to the Rur catchment in
the west of Germany (Waldhoff et al. 2017) and, interestingly, pro-
vided ideal points of time for optical image acquisition. However, the
existing MDA has a drawback: it has only been implemented using
optical data. Unfortunately, frequent cloud coverage means that, even
when multiple optical data sources and external geodata are used,
appropriate data coverage for optimal crop di erentiation is rarely
available (Blaes et al. 2005; Whitcraft et al. 2015). If no image
can be acquired for a particular timeframe, the accuracy of the classes
to be separated within that timeframe inevitably decreases.
To prevent clouds from lowering accuracy, microwave images pro-
duced by SAR have been used for crop classification in many scenarios
(e.g. recently, Bargiel (2017), Hütt, Koppe, et al. (2016), and
Sonobe et al. (2014)), or they have been combined with optical
acquisitions (Blaes et al. 2005; Forkuor et al. 2014; McNairn,
Champagne, et al. 2009). Radar-based crop identification goes back
to Simonett (1967). Bush & Ulaby (1978) highlighted the sig-
nificance of multitemporal radar measurements for successful crop
classification. Hoogeboom (1983) successfully identified crops on the
ground in experiments with airborne SAR images. Since then, crop
classification capabilities of SAR systems have been demonstrated in
many studies (e.g. Foody et al. (1994) and Skriver (2012), recently
particularly on board satellites (McNairn & Shang 2016).
SAR sensors have the advantage of working regardless of the weather
and illumination conditions on the ground. Consequently, capturing
images during the crucial crop stages does not depend on cloud-
free conditions. Additionally, SAR allows polarimetric analysis of
the electromagnetic wave, which enables di erentiation of scattering
mechanisms on the ground (Cloude & Pottier 1997). In a crop
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classification context, these mechanisms are related to crop phenology
(Koppe et al. 2013; Lopez-Sanchez et al. 2012), but most impor-
tantly to crop type (Skriver et al. 1999), and hence are well suited
to crop classification. However, most SAR-based crop classification
studies usually neglect to fuse the classification with external o cial
geodata (e.g. McNairn, Champagne, et al. (2009), Skriver (2012),
and Sonobe et al. (2014). One exception to this lack was the study by
Bargiel (2017). However, in that study the external data was merely
used to mask out non-crop areas during the classification process and
not to enhance existing geodata.
The previous research has therefore shown that the MDA is useful
as it fuses remote sensing images with external geodata, but it uses
optical remote sensing images for its implementation and thus requires
cloud-free conditions. The MDA would be improved if it were to use
SAR, which delivers images even under cloudy conditions. Enhancing
the MDA framework by integrating SAR images is consequently a
logical next step in improving timely information about crop distribu-
tion. This study therefore focuses on three objectives: (I) Examining
whether those points in time that proved ideal for optical image clas-
sification are also valid for dual-polarimetric TerraSAR-X images. (II)
Investigating the potential of using the images to di erentiate crops.
(III) Studying how to apply the concept of the MDA to fuse the
SAR-based classifications with external geodata and thus to produce
a crop type enriched LULC map.
5.3 Study Site and Data
5.3.1 Rur Catchment
The Rur catchment is located in Western Germany and partly in
Belgium and the Netherlands. Figure 5.1 shows the study area,
located in the northern part of the Rur catchment. Arable land
dominates this area on a fertile loess plain. The fertile soil and the
warm-temperate climate with su cient precipitation make the area
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ideal for intensive agriculture. The main crops are winter wheat,
winter barley, winter rye, sugar beet, maize, rapeseed, and potato
(IT.NRW 2016).
5 km
Background:
Sentinel-2 (ESA 2016)
20
km
Elevation (m)
701
-205
±
Germany
Study Area
Subset
Rur Catchment
Country Border
Rur
Water Body
Figure 5.1: Location of the study site. Image Background: Sentinel-2
image acquired 08.05.2016, Band Combination 4-3-2.
5.3.2 TerraSAR-X radar data
The radar remote sensing satellite TerraSAR-X was successfully
launched in 2007. It provides x-band microwave images in di erent
imaging modes, resulting in various resolutions and di erent polariza-
tion combinations (Breit et al. 2010). For this study, we acquired
six high-resolution TerraSAR-X dual-polarimetric (HH/VV) stripmap
scenes between May and August 2013. These six SAR images are a
time series taken from the same relative orbit; this means the satel-
lite was at almost the same position during the image acquisitions.
Consequently, all images have a similar viewing geometry, extent, and
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resolution and similar geometric distortions. The individual image
characteristics and exact imaging dates are specified in Table 5.1.
Sensor-related characteristics
(the same for all acquisitions) No. Date
AW
(acquisition
window)
1 May 5, 2013 AW 1
2 June 5, 2013 AW 2
3 June 16, 2013 AW 2
4 June 27, 2013 none
5 July 30, 2013 AW 3
6 August 21, 2013 AW 4
Satellite/sensor: TerraSAR-X
Wavelength: X-band / 3.6 cm
Imaging mode: stripmap
Orbit: descending, Incidence angle: 35.5°
Time of acquisition: 5:51 (UTC)
SLC resolution: 1.55m (Rg.) ◊ 2.39m (Az.)
Scene extent: 18.5 km (Rg.) ◊ 56.5 km (Az.)
Polarizations: HH & VV
Table 5.1: Radar remote-sensing image statistics.
5.3.3 Field campaign and collection of ground data
During the growing season of 2013, the real ground situation was
mapped by visiting selected agricultural areas of the region at times
chosen according to the phenology and management practices of the
selected crops. Table 5.2 presents an overview of the quantity and the
size of the fields used for this study.
5.3.4 Ancillary and o cial geodata for the MDA
MDA generally aims to combine multitemporal remote sensing clas-
sifications and external geodata. In this study, the ATKIS, as the
o cial Digital Landscape Model (DLM), and PB data were chosen.
ATKIS provides details of feature boundaries, and land cover infor-
mation in vector format. The spatial accuracy is at least ±3m (AdV
2006) for the ATKIS Basis DLM, which is su cient for our investiga-
tion considering a spatial resolution of 15m of the final classifications.
PB were used for the delineation of agricultural areas (Waldhoff
et al. 2017), they consist of land parcels of the same land use type
(e.g. arable land, Grassland or permanent crops), which are always
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enclosed, e.g. by a road (Landwirtschaftskammer, NRW 2011). No
individual parcels with a single crop type can be di erentiated in
this way, but at least, on an annual basis, agricultural areas can be
separated from other land use types. For our study site, the PB data
were provided by the LWK-NRW (2016). However, PB are part of
the EU-wide LPIS and therefore similarly available for the whole of
the EU.
Crop type Numberof fields
Min.
field size
(ha)
Max.
field size
(ha)
Mean
field size
(ha)
Total
area
(ha)
Number
of Pixels
(15x15m)
Maize 9 0.2 4.4 2.0 18.0 722
Sugar Beet 7 0.3 8.9 2.7 19.1 919
Barley 12 0.9 11.2 4.8 57.9 2,675
Wheat 8 0.8 6.7 2.2 17.4 714
Rye 12 0.6 13.5 4.9 58.7 2,575
Rapeseed 8 0.4 13.7 3.2 25.4 1,129
Potato 6 0.6 11.0 5.3 31.5 1,414
Total 62 0.2 13.7 3.7 228.0 10,148
Table 5.2: Overview of collected reference data.
5.4 Methods
5.4.1 Separation of crops using acquisition windows
For this region, Waldhoff et al. (2017) studied the optimal point in
time (AWs) to separate the crops of the region using optical remote
sensing images. AWs are time periods during the growing season
during which crop separation is most favorable in this specific region.
Based on the theory behind AWs, optimal crop separation is possible
when at least one image for each of the AWs is available. As can be seen
in Table 5.3, separation is based either on a di erent crop phenology
or on di erent crop-specific management practices, which both lead
to changes in reflectance when optical images are used. In the radar
images utilized in this study, the changes led to di erent backscattering
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mechanisms, which can be detected using radar polarimetry (Skriver
et al. 1999). The TerraSAR-X acquisition dates match the AWs
proposed by Waldhoff et al. (2017). As can be seen in Table 5.1,
in our study at least one image exists for every AW, except for AW5,
which has the same purpose as AW4 and normally serves as a backup
window when no image can be acquired in AW4.
AW Time period Di erentiation
1 End of April–End of May(ca. 25.04–25.05)
Winter cereals, rapeseed,
early potatoes
2 Beg. – mid-June(ca. 01.06–15.06)
Winter wheat, barley,
summer cereals, potatoes
3 Mid-July–beg. of Aug.(ca. 15.07–07.08)
Possibly potatoes,
maize, sugar beet
4 Mid.–end of August(ca. 15.08–31.08)
Potatoes, maize,
sugar beet
5 Beg.–mid-September(ca. 01.09–15.09)
Potatoes, maize,
sugar beet
Table 5.3: Acquisition windows (AW) for optimal crop separation in
the Rur area, adopted from Waldhoff et al. (2017).
5.4.2 Preprocessing of the TerraSAR-X images
For a successful crop classification, it was necessary to extract all
relevant information contained in the TerraSAR-X microwave images.
Figure 5.2 shows the processing chain for each acquisition, the mul-
titemporal combination and the fusion with the external geodata.
First, from each dual-polarimetric TerraSAR-X scene, we derived
the absolute backscatter values in dB to analyze the amount energy
received from the ground. Additionally, to include information about
the scattering mechanism, the following polarimetric features were
retrieved: dual-pol entropy, dual-pol alpha angle, the degree of polar-
ization (Cloude et al. 2012), and the covariance matrix elements C11,
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Figure 5.2: Workflow diagram to create the final LULC map from
TerraSAR-X images, the ground survey, and the external
geodata.
C12 (real and imagery), C22. Following this, a multilooking of nine
pixels in range and six in azimuth was conducted, which, although it
reduces the spatial resolution, minimizes the speckle e ect. To project
the images to the ground, a Range Doppler Terrain Correction as
described by Curlander & McDonough (1991a) was performed
using the digital elevation model (DEM) from the SRTM mission
(Jarvis et al. 2016). The low error of the SRTM in the study region
(Bhang et al. 2007) and the high geometric accuracy of TerraSAR-X
(Nonaka et al. 2008) result in a high geometric accuracy of the final
images and consequently also of the classifications. Hence, the classi-
fications from TerraSAR-X are suited for fusion with other geodata
and do not require manual orthorectification.
During the projection to the ground, the final pixel size was set to
15m. This resolution was considered su cient to di erentiate single
parcels and was chosen as a tradeo  between computation e ciency
and accounting for the expansion of roads and accompanying non-
agricultural vegetation, such as grass or shrubs that dissect agricultural
landscapes. It is also the same spatial resolution as the annually
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created MDA land use classifications, which are generated for the
whole Rur catchment using optical images (Waldhoff et al. 2017).
Finally, all bands were filtered using a gamma map speckle filter
with a moving window size of 3◊ 3. The unfiltered and filtered image
bands were stacked and utilized for the supervised classification.
5.4.3 Supervised single-date and multitemporal
classification
For the supervised classification, the polygons representing the fields
were randomly separated 10 times into a training dataset and an
independent validation dataset. Subsequently, to minimize field border
e ects, a 15m bu er was subtracted from the boundaries of the fields.
All individual rasters derived from one single TerraSAR-X scene were
used to create the single-date classifications. The RF classifier was
used because it is superior to other algorithms (Ok et al. 2012) and
well suited to crop classification scenarios using SAR data (Hütt,
Koppe, et al. 2016; Sonobe et al. 2014). The parameters of the
RF classifier were left to the default values of the used R-language
library. The numbers of features randomly chosen at each node
were determined by the square root of the available variables. The
number of trees was set to 500. As the parameter node size was set
to unlimited; the full tree was grown at each classification.
For the multitemporal classification, two approaches were inves-
tigated: First, all image bands that were used for the single-date
classifications were stacked and classified using the RF classifier. The
second method is inspired by optical image analysis and the MDA pro-
posed by (Bareth 2008). That procedure combines remote-sensing
land use classifications and uses expert knowledge-based production
rules, which allow incorporation of multitemporal information on crop
phenology and management practices (Waldhoff et al. 2017). The
rules were applied to the stack of all single-date classifications and
developed based on the error analysis, knowledge of plant phenology
and logic. For example, if a pixel was identified as a summer crop,
e.g. bare ground, in the first acquisition, this pixel will then not be
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classified as a winter crop based on a later acquisition. This approach
is more user-controlled than others, and valuable information for each
crop can be extracted (Waldhoff et al. 2012).
A majority filter with a 3 ◊ 3 window size was used to enhance the
accuracy of all final classifications. The accuracy was assessed using
the independent validation part of the ground reference data. Based
on the resulting error matrix, accuracy statistics such as the OA, the
user’s and producer’s accuracy (Congalton 1991), and the F1-score
(Bargiel 2017) for each class were produced. These statistics are
used to evaluate the accuracy of the classifications, both single-date
and multitemporal, and helped to develop the production rules for
the multitemporal classification.
5.4.4 Software packages used
Preprocessing of the TerraSAR-X radar data was done using the
open source software SNAP provided by the European Space Agency.
The RF classification was implemented in R using the RF library
(Liaw & Wiener 2002) and a modified R script made available by
Horning (2013). Expert knowledge rules were executed using the
ArcGIS Python scripting extension. Error matrix generation, accuracy
evaluation, and map generation were also performed using ArcGIS.
5.5 Results
5.5.1 Single-date classifications and optimal point in
time to separate the crops
Using the time series of six TerraSAR-X acquisitions made it possible
to identify points in time to separate the region’s crops. Figure 5.3
presents the OA of the single date and the multitemporal classifications.
Figure 5.4 shows the resultant F1 scores of the di erent LULC classes
over time. It shows that the very early acquisition in the middle of
May resulted in the highest class-accuracies for rapeseed (97%), and
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Figure 5.3: Mean OA of the single dates and the multitemporal ap-
proaches; seven classes and five classes (after merging
barley, rye, and wheat to winter cereals). The error bars
indicate one standard deviation of the 10 random splits
into training and validation datasets.
a relatively good separation for potatoes (77%). However, the 10
repetitions with di erent training and validations fields revealed a high
standard deviation of 31% for the accuracy in identifying the potato
class. Furthermore, the early acquisition is necessary to separate the
winter crops wheat, rye, and barely from the summer crops maize
and sugar beet. While the winter crops have a full canopy closure
at the time of the first acquisition, the summer crops are generally
characterized by bare soil.
A further analysis of the accuracy over time shows that rapeseed
is very well classified in the images taken before harvest. Based
on experience from the optical analysis, we anticipated that, for the
summer crops sugar beet and maize, the second half is more important.
Strikingly, the highest accuracies were observed in the third and fourth
date (16th and 27th June), where the maize plants and the sugar beet
plants had just emerged. Although the winter cereals barley, wheat,
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Multitemporal 
Random Forest
Multitemporal
Production Rules
Single dates 
Figure 5.4: F1-scores (in %) of the classes in the single-date clas-
sifications and the multitemporal accuracy. Error bars
indicate one standard deviation of the 10 random splits
into training and validation.
and rye are easily distinguishable from all other classes, no optimal
point in time for their disaggregation could be identified as attempts
to classify them using the single dates rarely exceeded 50% accuracy.
5.5.2 Class accuracies of the multitemporal
supervised crop classification
By using the multitemporal information of the six dual-polarized
TerraSAR-X acquisitions, it was possible to create improved multi-
temporal classifications. The winter crops barley, wheat, and rye were
easily separable from the summer crops maize and sugar beet, mainly
based on the good separation in the 1st acquisition. The classification
accuracies of rapeseed and winter cereals were increased by the multi-
temporal analysis and reached the highest single-class accuracies of up
to 99%. Potatoes were classified with an adequate accuracy (RF 85%,
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Production Rules 71%), but the high standard deviation of those
accuracies found in the single-date classification from the first date
could not be lowered in the multitemporal approaches and remained
at the high level of about 32%. The disaggregation of maize and sugar
beet had lower F1-Scores of 66–76%, mostly due to misclassification
within the two classes but also from a confusion with potato. In this
study, disaggregation of the winter cereals into barley, wheat, and rye
was not satisfyingly possible.
1
km
5
km
Landuse derived from...
... Physical Blocks
Grassland (agricultural)
special cultures
...ATKIS
Grassland
Water
Open Pit mining
Forest
Urban
Streets
... TerraSAR-X
Rapeseed
Potato
Maize
Sugar Beet
Barley
Wheat
Rye
Random Forest - Multitemporal Approach (Split1)Multitemporal knowledge-based production rules (Split1)
Figure 5.5: Map of the final classification. The lower part shows the
di erence between the production rules and the multitem-
poral random forest approach.
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Figure 5.6: Mean error matrices of the two multitemporal methods.
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5.5.3 Comparison of the multitemporal classification
approaches
A comparison of the two multitemporal approaches shows that the
multitemporal RF classification delivered a 7% higher OA for the
seven crops classification (Figure 5.5), the multitemporal combination
with knowledge-based production rules still extracted most of the mul-
titemporal information and provided an OA of 60% (Figure 5.6). By
merging the winter cereals, a higher accuracy 5-crop classification was
created, with an accuracy of about 90% for both approaches. However,
due to the relatively high variance of the accuracies depending on
which combination of training and reference fields was taken (exact
values in Table 5.4), a significant di erence in the mean OA between
the two approaches could not be found in this study. By using 10
repetitions, with di erent training and validation fields, a significantly
lower standard deviation of the accuracies of the knowledge-based
approach could be achieved (F-test, – < 5%, n=10). The e cient
production rules meant that the computational resources were used
more e ciently: no new classifications had to be performed. However,
the very long runtime for the multitemporal RF given in Table 5.4
could be shortened by tuning the parameters of the RF classifier.
The visual comparison of the maps created by the two approaches
justifies the accuracy analysis above; major di erences are rare. The
RF classification maps contain specific errors that are seldom found
in the knowledge-based result. For example, as can be seen from the
comparison in Figure 5.6, winter wheat is sometimes obviously con-
fused with maize. In the knowledge-based approach, misclassification
is more likely to appear only within the summer or winter crops.
5.5.4 Fusion of the classifications with external
geodata ATKIS and PB
Figure 5.5 shows the final LULC map. The high geometric accuracy
of the TerraSAR-X classifications and the very low positional error
of ATKIS and PB allowed a fusion without the need for additional
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Single dates
random forest
Multitemporal
production rules
Multitemporal
random forest
7 classes 45% 59% 66%Mean OA of 10 splits 5 classes 76% 89% 90%
7 classes 11% 4% 10%Standard deviation of OA
(10 splits) 5 classes 13% 3% 7%
Mean runtime for one classification
(2.7 GHz Intel Core I5, 8 GB Ram) ≥ 9min Less than 1min ≥ 6 h
Table 5.4: Comparison of the two multitemporal approaches.
co-registration. The data sets match on the pixel level. To lower
misclassification, all non-agricultural classes were excluded from the
classification process. Also, an enhanced LULC map including all in-
formation from ATKIS, PB, and the missing information of crop type
is available. For demonstration purposes, to produce the map shown
in Figure 5.5, the ATKIS and PB data were reclassified, allowing the
datasets to be generalized. Originally, the ATKIS dataset contained
numerous di erent LULC classes on transportation, built-up areas,
agricultural land and other vegetation (AdV 2006). The complete
PB data provide information about coherent parcels of the same
agricultural land use type, such as arable land, grassland, and perma-
nent crops (Landwirtschaftskammer, NRW 2011). All original LULC
classes are available in the geographic information system (GIS).
5.6 Discussion
5.6.1 Objective I: optimizing the acquisition plan
based on the findings of this study
Based on crop development and crop management practices in the
Rur area, earlier studies (Waldhoff et al. 2012; Waldhoff 2014;
Waldhoff et al. 2017) identified five AWs (Table 5.2) during which
optical remote sensing images should be acquired if the annually
grown crops are to be successfully identified. The first objective
of our study was to assess whether the AWs from that study still
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held for TerraSAR-X images. Our study’s TerraSAR-X images are
a high-resolution times series that can be acquired independently of
cloud conditions. Consequently, the di erences in the radar images
are mostly influenced by altering conditions on the ground and not by
di erent viewing geometries or atmospheric conditions at the time of
image acquisitions. Therefore they provide more insights on optimal
points in time for crop classification. From our results, we suggest
three adjustments to the acquisition plan proposed by Waldhoff
et al. (2017):
1. The last AW is obsolete when using SAR data as it serves the
same purpose as AW4. It merely exists as a backup window in
case there is no cloud-free image from AW4.
2. A new AW between AW2 and AW3 is needed as the classification
from the third and fourth acquisition (Table 5.1) showed the
highest accuracy of the classes maize and sugar beet (Figure 5.4).
While, in optical analysis, those classes are best separated very
late in the growing season (Waldhoff et al. 2012), TerraSAR-X
seems most sensitive to the di erent structure of the emerging
plants, which can be seen in relatively high F1 scores of maize
and sugar beet in the acquisitions three and four (Figure 5.4).
Being able to separate the two classes when the plants are
still small enables an early mapping of the two classes and
confirms the findings by McNairn et al. (2014), who show that
TerraSAR-X and Radarsat-2 imagery can be used to separate
maize from soybeans within the growing season. However, as
planting dates for maize can vary between regions, farmers, and
seed variety, data from later AWs may still be useful.
3. In optical remote sensing, the separation of rapeseed from the
winter cereals is mainly achieved by using the bright yellow color
of the flowering rapeseed plant. Hence, a thorough planning of
the optical acquisitions is needed to image all rapeseed fields dur-
ing the flowering stage. In this study, identification of rapeseed
is highly accurate in all classifications of the first four images
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(Figure 5.4). Fieuzal et al. (2013) have already demonstrated
that the signal from polarimetric SAR is susceptible to the dif-
ferent crops types rapeseed and winter wheat. Those results are
confirmed by our study, in which the separation works well for
a prolonged time. Consequently, careful planning to identify
rapeseed seems less important.
5.6.2 Objective II: crop di erentiation potential of
multitemporal and dual-polarimetric
TerraSAR-X data
In this study, the classes rapeseed, potato, and winter cereals were
mapped with high accuracy. TerraSAR-X can collect the scatter-
ing mechanisms related to di erent crops, crop growth stages, and
management practices. Consequently, our study agrees with existing
research, e.g. Skriver et al. (1999), who report that multitemporal
SAR backscattering signatures capture crop di erences well, using
correlation coe cients of HH- and VV-polarization, as we did in this
study.
The accuracies for maize and sugar beet were moderate due to
confusion within the two classes (and with potato), probably because
both crops have a broad-leaved plant structure and a similar phenology,
leading to a similar x-band temporal signature. However, classification
accuracy could be improved by using the di erent heights of maize
and sugar beet at the end of the growing season. Hütt, Tilly, et al.
(2016) showed how the height of maize plants could be measured
using SAR data from the TerraSAR-X Add-on for Digital Elevation
Measurements (TanDEM-X).
A further di erentiation of the winter cereals into barley, wheat,
and rye was not possible with the data from this study. Interestingly,
the same classes show the highest errors in a study performed by
Skriver (2012) with multitemporal airborne C- and L-band SAR
data. Recently, Bargiel (2017) showed that the winter cereals could
be successfully di erentiated using c-band radar data of very high
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temporal resolution from the Sentinel-1 satellite. Such data could be
incorporated in future similar studies.
The experiment of 10 times randomly splitting the training and
validation data during the classification process revealed a high vari-
ance of the accuracy of the class potato. This high variance probably
has two reasons: (1) the inconsistent management practices. Due
to di erent varieties, planting and harvesting dates are not as fixed
as for the other crops in this study; (2) the characteristics of potato
fields in this region. Potatoes are grown by digging long hilly rows.
Theoretically, the measured SAR backscatter values vary depending
on the orientation of the rows toward the SAR sensor. Lowering the
accuracy variation requires more training fields and a higher temporal
resolution, which would allow all row-sensor orientations and the
di erent management practices to be covered.
The two multitemporal approaches of this study both resulted
in higher classification accuracies than the single-date classification.
While a slightly higher accuracy was achieved using the RF classifi-
cation of all input bands, the production rules had a lower variance
of accuracies and a better runtime. Both approaches benefitted from
the MDA as the acquisition dates were chosen according to the prin-
ciples of AWs during the growing season, based on the crop-specific
phenology. The findings from the knowledge-based approach are also
crucial for improving accuracy in the future and finding the reasons
for non-optimal results. Consequently, the RF approach with all input
bands and the integration of expert knowledge on crop phenology are
promising ways to obtain parcel-based crop maps from multitemporal
TerraSAR-X acquisitions, without the cloud-free limitations of optical
data.
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5.6.3 Objective III: fusion of the SAR classifications
with external geodata to produce crop type
enriched LULC maps
The fusion of the final classifications with the external geodata ATKIS
and PB prevented possible confusion with all non-crops classes, such
as urban, forest, streets, and grassland. The missing information
about annually grown crops is retrieved from the remote sensing
data. The combination allows the production of enhanced LULC
maps, as shown in Figure 5.5. Additionally, the high spatial accuracy
of both the TerraSAR-X data and the external geodata made any
orthorectification obsolete, which enhances the quality of the final
maps and improves the e ciency of their creation.
5.6.4 Study results in an operationalization context
Compared to other studies (e.g. Bargiel (2017)), fewer reference
fields were used in this study. The reduction is useful as it reduces
the costs of surveys on the ground. However, the identification of
various classes, such as the potato in this study, is less accurate, and
the variance of the accuracy is greater depending on which fields are
taken for training the classifier. Contrariwise, the eight rapeseed fields
in this study were found to su ce as the 10 repetitions revealed a
high accuracy, but more importantly, a low accuracy variance. These
results show that the amount of training data needed strongly depends
on the class being observed. However, in an operational context, to
calculate the high costs of field surveys, it would be essential to know
beforehand the exact amount of ground data needed. This knowledge
could be gained, e.g. through an optimization approach, such as that
presented by Mathur & Foody (2008).
A shortcoming in an operationalization context is the problem of
transferability to another region, which is also reported by Siachalou
et al. (2015). As the AWs for crop classification are regionally specific
and climate dependent, they would have to be adapted to the crop
management practices and phenology of other regions. However, even
106
5.7 Conclusion
regions with similar climates have a high variation in crop productivity
(Godfray et al. 2010). An elegant way of dealing with regional
heterogeneity has been implemented by Homer et al. (2004), who
used the concept of mapping zone delineation in combination with
optical remote sensing and ancillary geodata to provide land cover for
the whole of the US.
As in Homer et al. (2004), the integrating of external geodata
is mainly country-specific; the DLM used in this study is, in this
form, only available for Germany. However, the PB data is part of
LPIS, which is available in a similar form for the whole EU. The most
prominent worldwide dataset is the OpenStreetMap (OSM), which is
freely available and could also be used to identify the non-agricultural
areas. This use is demonstrated by Immitzer et al. (2016), who
combine OSM data with CORINE land cover data (Büttner et
al. 2004). However, the spatial accuracy and quality of OSM data
depends on the volunteers collecting the data and is worse than that
of the datasets used in the present study (Zhang & Malczewski
2017).
5.7 Conclusion
This study demonstrates how multitemporal and dual-polarimetric
TerraSAR-X images can be incorporated into the MDA to produce
annually updated crop type enriched LULC maps for a subset of
the Rur area in Germany. Identification of optimal acquisition time
frames to classify the crops revealed similarities to optical remote
sensing but enabled future acquisition plans to be improved since
radar remote sensing is independent of clouds and thus more reliable.
High-classification accuracies were achieved for the classes rapeseed,
potatoes, and winter cereals, with no major di erence between the
two multitemporal approaches used in this study. For the fusion with
the external geodata, the high geometric accuracy of TerraSAR-X
proved helpful. No manual orthorectification had to be performed for
the fusion with the highly accurate ATKIS and PB data.
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One particularity of the study was a limited number of reference
fields. Repeating all classifications 10 times with di erent training
and validation combinations revealed the variances of the accuracy of
the mapped classes. For the class potato, a high variance was found,
which suggests that more potato reference fields will be needed in
future studies. For the class rapeseed, eight fields were enough to
provide high accuracy and almost no variance.
Future research should be done on how to incorporate more SAR
data from di erent viewing angles, polarizations, and other missions
into the MDA. One such mission is Sentinel-1 with a higher temporal
resolution and wider coverage (Bargiel 2017; Lussem et al. 2016).
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6.1 Abstract
Accurate crop type maps are urgently needed as input data for various
applications, leading to improved planning and more sustainable use
of resources. Satellite remote sensing is the optimal tool to provide
such data. However, the commonly used optical remote sensing ap-
proaches are unreliable as they only work under cloud-free conditions.
Unfortunately, using the more reliable source of information from
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microwave images is more complicated, although SAR sensors have
development potential. Dealing with such a complexity urges current
studies to be reproducible, open, and built upon Free and Open-
Source Software (FOSS). This paper presents a case study of crop
classification from microwave remote sensing relying on open data and
open software only. We used multitemporal microwave remote sensing
images from ESA’s Sentinel-1 satellites and enriched the result with
data from open.NRW. All software used in this study is open-source,
such as the Sentinel Application Toolbox (SNAP), Orfeo Toolbox,
R, and QGIS. Validation using an independent validation data set
showed a high overall accuracy of 96.7% with di erentiation into 11
di erent crop-classes. All results are reproducible without further
data or software costs as all input and output data are available in a
repository as open data.
6.2 Introduction
Global food insecurity is on the rise again (FAO et al. 2017). Current
and future challenges evolve from a growing world population with an
increasing nutrition demand under climate change conditions (FAO
2017). Therefore, Godfray & Garnett (2014) demand a higher
crop yield from agricultural production. To achieve this e ciency
increase, the decision-makers in this domain can use information from
agricultural monitoring systems based on satellite remote sensing data
(Atzberger 2013).
However, Fritz et al. (2018) identify crop type maps as one missing,
yet essential part of the current global systems. In addition, spatial
crop type data is critical for modeling matter fluxes in soil-vegetation-
atmosphere systems (Bareth 2009). While, on a local scale, crop
type information is needed and available for agricultural management
decisions (e.g. Machwitz et al. 2018), on regional, national, or
continental scales, such crop type data is missing (Xiong et al. 2017),
especially on an annual basis. This data gap causes issues not only
for modeling agroecosystems (Kersebaum et al. 2007) but also for
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decision-makers.
Delimiting crop type is a special kind of LULC classification. LULC
can be e ciently derived by satellite remote sensing (Anderson et al.
1976; Xie et al. 2008; Jensen 2009), which provides continues moni-
toring of the earth’s surface over extended areas at a comparably low
cost. Separating crop types with remote sensing images is achieved
using the crop specific reflection in multitemporal images. By con-
sidering the phenology of the plants under investigation, time frames
can be identified where each crop type is more easily distinguishable
from the others. The topic is being researched using improved sensors
(Vuolo et al. 2018) and algorithms (Waldhoff et al. 2017; Sonobe
et al. 2014). One recent approach classifies the crops without needing
annual training data (Heupel et al. 2018), which is typically gathered
by conducting field surveys each year to train the classifiers.
However, optical approaches are unreliable for acquiring data of
a distinct phenological stage, as clouds during image acquisition
hamper successful analysis (Whitcraft et al. 2015; Waldhoff et al.
2017). The mandatory multitemporal measurement is then sometimes
impossible, resulting in degraded map accuracy. For cloudy conditions,
Synthetic Aperture Radar (SAR) systems are a solution as they make
crop classification approaches more reliable in cloudy areas (McNairn
& Shang 2016; Hütt, Koppe, et al. 2016; Hütt &Waldhoff 2018;
Bargiel 2017; Kenduiywo et al. 2018; Whelen & Siqueira 2018).
For our AOI, although combining multiple optical satellite imaging
systems, Waldhoff et al. (2017) report that no cloud-free remote
sensing image was available for a seven year period. Unsurprisingly, the
optical Sentinel-2 collected no cloud-free image over our AOI during
the observation period (January-September 2017) of this study.
Interestingly, Schmullius et al. (2015) state that operational mi-
crowave applications are limited, providing as reasons the complexity
of the radar signal and limited radar sensor capabilities. Furthermore,
studies on the topic of crop type classification from SAR are not repro-
ducible, as data restrictions lead to the input data not being available.
Fritz et al. (2018) conclude that the lack of such data for calibration
purposes is the primary constraint to operationalizing agricultural
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Figure 6.1: Location of the study region Rur Catchment and LULC
analysis of 2017 using the MDA (Waldhoff et al. 2017)
with optical satellite data and external data. Screenshot
from the online available WebGIS of the TR32DB.
monitoring systems. In a more general context, transparency and
openness are demanded by the Transparency and Openness Promotion
(TOP) (Nosek et al. 2015; McNutt 2016).
More challenges in LULC analysis come from using proprietary
software, which is expensive and the source code cannot be examined
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or improved by others. FOSS works di erently: The code is available
online, and no costs are incurred when using, changing, or redistribut-
ing the software (Steiniger & Hunter 2013). In a di erent domain,
Rocchini et al. (2017) have already shown how using FOSS helps to
achieve reproducibility of remote sensing studies.
Additionally, remote sensing data analysis, including o cial geodata
for creating LULC maps has proven beneficial. The MDA (Bareth
2008) has been proposed as a framework for fusing multitemporal
satellite images and o cial geodata for LULC mapping. The concept
has been adopted to crop type classifications using optical (Waldhoff
et al. 2017) and to microwave (Hütt & Waldhoff 2018) satellite
images. Such o cial geodata on, e.g., topography has recently been
released as open data obtained by surveying and mapping authority
of the German state NRW, which includes our AOI. Among other
datasets, the program open.NRW provides the complete real estate
register, with the geometry of every property (Waldhoff et al. 2015).
A highly accurate DEM is also provided. Both open.NRW datasets
are ideal for integration into the workflow of crop type classification
from radar satellite remote sensing.
The availability of open microwave satellite imagery, FOSS for
LULC analysis, and open geodata from o cial sources for the MDA
creates new research opportunities. Therefore, the overall objective
of this study was the development and implementation of an open
remote sensing analysis workflow with open data and FOSS for crop
type mapping on the field level for national scales. As a first step,
we focused on a region in western Germany, the Rur Catchment, to
develop, implement, and validate such an open data analysis work-
flow. The Rur Catchment is the study region of the DFG-funded
CRC/TR32 “Patterns in Soil-Vegetation-Atmosphere Systems: Mon-
itoring, Modelling, and Data Assimilation” (Fig. 6.1). Within the
TR32 research activities, multiannual LULC data including crop types
were produced (Fig. 6.1) and have been available via the TR32 project
database (TR32DB) since 2008 (Curdt & Hoffmeister 2015).
The present study used open remote sensing data from the AOI
satellite Sentinel-1, and external data from open.NRW to perform a
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LULC crop type classification. We designed the whole workflow using
FOSS to follow the demands of TOP. The used data models, all input,
and the output data, including the labeled reference data set from our
mapping campaign, are shared openly in a scientific data repository,
the TR32DB. This combination allows others to access, use, change,
evaluate, reproduce, and even refine or improve the present study’s
outcomes.
6.3 Study Site and Data
6.3.1 Rur Catchment
This study was performed within the collaborative research project
TR32. The project has a defined study area, situated at the German
borders with Belgium and the Netherlands (compare Fig 6.1). For the
present study, only those parts that lie within the German borders
were considered. The extent of the area is about 2500 km2. The area
is characterized by fertile loess soils and humid, temperate climate.
It is intensively used for agricultural production. Waldhoff et al.
(2017) describe the study area in detail.
6.3.2 Sentinel-1 Open SAR data
The positive e ects of open data have been seen by the remote sensing
community, as the opening of the optical Landsat archive in 2008 by
the USGS Landsat (Woodcock et al. 2008) had a positive impact
on how satellites images are used for scientific purposes (Wulder
et al. 2012). Consequently, the prominent statement from Wulder &
Coops (2014) was to "Make Earth observations open access." The ESA
followed the USGS example by distributing all satellite observations
of their current satellite program Copernicus Sentinel as open data
(ESA 2013). Hence, the Sentinel-1 radar satellite, which was used in
the present study, is the first operational radar satellite, with an open
data policy.
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The two Sentinel-1 AOI satellites work in a constellation to provide
a repeat cycle of six days for the same imaging properties. The revisit
time for di erent image properties is shorter and varies depending on
the geographic location. Over land, the satellites monitor continuously
with a spatial resolution of 5m x 20m (Torres et al. 2012).
For this study, we acquired 70 Sentinel-1 images, for the growing
period of 2017, between January and August. As can be seen in Table
6.1, the images are two time series from the relative orbits 88 and 37.
Only the images covering the entire AOI of approx 2500 km2 were
considered. Table 6.2 shows the individual acquisition dates. Notably,
the two chosen relative orbits from the two satellites o er at least one
image acquisition per week. Even more images would be available
that only partly cover the AOI.
The Sentinel-1 SAR images were downloaded from ESA’s Scihub in
prepossessed Ground Range Detected (GRD)form. The advantage of
this server-side preprocessing is smaller download sizes and reduced
speckle. The disadvantages are a decreased spatial resolution and
losing the phase information, which are used for SAR interferometry
and polarimetry (Torres et al. 2012). As the Sentinel-1 images are
provided with high geometric accuracy (Schubert et al. 2015) a
multitemporal image classification is possible without further coreg-
istration. All used Sentinel-1 scenes can be downloaded from the
TR32DB (Copernicus 2018a; Copernicus 2018c; Copernicus
2018b; Copernicus 2018d).
relative
orbit
orbit
direction
time (UTC)
of acquisition
number of
acquisitons Polarisations
Incidence Angle
over AOI
88 Ascending 17:24 39 VV/VH 38.4° - 41.2°
37 Descending 8:12 31 VV/VH 33.2° - 37.6°
Table 6.1: Metadata of the Sentinel-1, A and B, acquisitions used in
this study
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Jan. Feb. Mar. Apr. May June July Aug.
cal. week 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35
rel.
orbit
39 S1a ı ı ı ı ı ı ı ı ı ı ıS1b ı ı ı ı ı ı ı ı ı ı ı ı ı ı ı ı ı ı ı ı
88 S1a ı ı ı ı ı ı ı ı ı ı ı ı ı ı ı ı ı ı ı ıS1b ı ı ı ı ı ı ı ı ı ı ı ı ı ı ı ı ı ı ı
Table 6.2: Sentinel-1A (S1a) and Sentinel-1b (S1b) acquisitions of the
study period, each acquisition covers the whole AOI. As
can be seen, there is at least one acquisition for each week.
6.3.3 Crop Distribution Mapping of 2017
Over 1200 agricultural fields were visited and mapped in a ground sur-
vey campaign (Waldhoff & Herbrecht 2018a). After transferring
the mapping results to the GIS environment, the areas were checked
for plausibility using the remote sensing Sentinel-1 datasets described
above. To exclude the edges, an inner bu er of 20m was applied, and
only fields within the AOI were used. Detailed information on the area
statistics of the final 775 fields that were used for the present study
can be found in Table 6.3. Besides the typical crops of the region
such as maize, sugar beet, rapeseed, potato, wheat, and pasture, we
found 19 pea and eight carrot fields. Consequently, we additionally
included those crops in our classification scheme.
The consequent division into independent training and validation
fields was obtained by sorting the fields by crop type and field size.
The fields were then alternately assigned to independent validation
and training datasets, starting with validation. Consequently, the
tallest field per crop was always chosen for validation. Hence, the
resulting area statistics are slightly higher for the validation fields.
All data from the ground campaign (Waldhoff & Herbrecht
2018a) and the pre-processed independent training and validation
datasets (Hütt 2018) are distributed under an open data policy via
the TR32DB.
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Crop Type Number of Fields Area (ha) Number of Pixels (10x10m) Mean FieldSize (ha)Tot. Train. Val. Tot. Train. Val. Tot. Train. Val.
Maize 75 37 38 205 98 107 20,490 9,763 10,727 2.73
Sugar Beet 108 54 54 364 177 188 36,422 17,660 18,762 3.37
Barley 206 103 103 600 296 304 60,005 29,626 30,379 2.91
Wheat 87 43 44 279 134 146 27,937 13,351 14,586 3.21
Rye 51 25 26 113 54 59 11,331 5,389 5,942 2.22
Spring Barley 51 25 26 103 49 54 10,309 4,924 5,384 2.02
Pasture 82 41 41 147 69 78 14,696 6,907 7,789 1.79
Rapeseed 72 36 36 220 105 115 21,953 10,471 11,482 3.05
Potato 16 8 8 73 34 39 7,305 3,365 3,940 4.57
Pea 19 9 10 58 27 31 5,848 2,740 3,108 3.08
Carrot 8 4 4 56 25 31 5,623 2,499 3,124 7.03
Total 775 385 390 2219 1067 1152 221,919 106,695 115,224 2.86
Table 6.3: Collected field data of crop distribution during the growing
season 2017
6.3.4 Authorative o cial data from Open.NRW
For preprocessing of remote sensing data, and SAR data in particular,
using a DEM is advised (Jensen 2009). In this study, we used the
high resolution, high precision, openly available elevation data from
open.NRW. The DEM is produced from LIDAR data with a point
density of at least 4 points per m2 and updated every six years.
The final spatial resolution of 1m has an absolute height error of
less than 40 cm in most areas (Bezirksregierung Köln 2018a). The
newest version of the DEM can be found online (Bezirksregierung
Köln 2018a), and a preprocessed version over the AOI of the DEM
can be acquired via the TR32DB (Bezirksregierung Köln 2017). For
compatibility reasons with the radar processing software SNAP the
DEM was projected to WGS84 and the spatial resolution reduced to
5m (Hütt 2018c).
For the delineation of the arable land, we exploited the real estate
register German Authoritative Real Estate Cadastre Information Sys-
tem (ALKIS), which is freely available for the state Northrhinewest-
falia (NRW) from Open.NRW Bezirksregierung Köln 2018b. The
register contains, besides other information, the primary usage of each
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of the 9 million property parcels in NRW. In our case, only parcels
that have "agricultural land" as their primary usage were selected and
used as a crop mask (Hütt 2018b).
6.4 Methods
6.4.1 Preprocessing of the Sentinel-1 Radar data
using the SNAP toolbox
The preprocessed GRD images were individually processed using the
SNAP Toolbox SNAP-ESA 2017. The following tools were executed
on each acquisition:
1. As a first step, a subset of the images was calculated by cropping
the images to the extent of the AOI.
2. To enhance the geometric accuracy, the precise orbit files were
auto-downloaded from the ESA server and applied to the images.
The precise orbit files are calculated within two weeks after
the image acquisition and significantly enhance the geometric
accuracy of the Sentinel-1 images.
3. Next, the images were converted to beta0, which is the measured
radar brightness (Small 2011), and a prerequisite for the next
step.
4. The highly accurate DEM from Open.NRW was used to per-
form a Radiometric Terrain Correction to gamma0. Thereby,
based on the DEM, the terrain-induced radiometric e ects are
eliminated, and the signal is normalized for the local illuminated
area (Small 2011).
5. All SAR images inherit a salt-and-pepper-like noise (Curlan-
der & McDonough 1991a). A Gamma Map Speckle Filter
with a 3x3 moving window was applied to reduce it.
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6. To project the images from slant range to ground range, a Range
Doppler Terrain Correction was performed using the DEM from
Open.NRW. (Curlander & McDonough 1991a). Notably, a
higher accuracy of the DEM translates into a higher horizontal
accuracy of the projected image. The DEM resampling was set to
Bicubic Interpolation, while the image resampling was performed
with nearest-neighbor resampling to avoid unnecessary mixing
with neighboring pixels. The final pixel spacing was set to 10
m, and the reference system is UTM 32 N with WGS 84 as the
reference ellipsoid.
7. For a better data handling, conversion of the raster values from
linear to dB was applied.
8. To reduce the amount of disc space being used for the images
and to accelerate classification, the pixel-depth was reduced to
unsigned integer with a linear scaling using slope and intercept
of the histogram.
The graph to apply those steps in the SNAP software (Hütt 2018d),
and the final stacked image composite (Hütt 2018e) can be down-
loaded via the TR32DB.
6.4.2 Supervised Random Forest Classification
The 70 individual Sentinel-1 images were stacked, and a supervised
pixel-based classification was performed using the independent training
data from the mapping campaign. The Random Forest (RF) algorithm
was used as the classifier, as it had already proved beneficial in other
SAR-based crop classification scenarios (Hütt, Koppe, et al. 2016;
Hütt & Waldhoff 2018; Sonobe et al. 2014). The advantages of
the RF classifier are its capabilities to handle high dimensional data
and the ability to work without normally distributed data. While
there are more advanced algorithms such as the one developed by
Bargiel (2017), previous studies have found the RF classifier to be
highly accurate (Rodriguez-Galiano et al. 2012).
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Validation of the gained classifications was conducted using the
fields from the mapping campaign that had not been used for training
the classifier. The resultant error matrix is the basis for the accuracy
measures such as the user’s and the producer’s accuracy, but also
the general accuracy indicator - the overall accuracy (Congalton &
Green 2008).
6.4.3 Real estate cadastre and post-classification
filtering
Deploying the ALKIS real estate cadastre for delineation of the crop-
land enabled all non-crop pixels to be removed. Only after that step
is a post-classification filter reasonable. Otherwise, non-crop pixels
would be considered in the filtering process, possibly degrading the
classification quality. We used a majority filter with a ball-shaped
structuring element, setting the center pixel to the majority value
of the pixel values within the ball (Orfeo Developement Team
2018). The filtering was conducted twice: the first one with a ball
radius of three pixels, the second one with two pixels.
6.4.4 Open Source Software used in this study
One of the principles of the present study was to rely solely on Open
Source Software. Preprocessing of the radar images was conducted
using the Sentinel Application Toolbox (SNAP) (SNAP-ESA 2017).
The actual multitemporal random forest classification was performed
in R (R Core Team 2018) (Version 3.4.3) using a freely available
R-script (R Core Team 2018) from (Horning 2013) that uses the
following R-packages: randomforest (Liaw & Wiener 2002), GDAL
(Bivand et al. 2017), Raster (Hijmans 2017), Maptools (Bivand
& Lewin-Koh 2017), and SP (Pebesma & Bivand 2005). For
postprocessing including the Error Matrix generation and the post
classification filter, we used the Orfeo Toolbox (Orfeo Develope-
ment Team 2017). Map-making, integration of the ALKIS, cropping
of the raster data, and preprocessing of the crop distribution maps
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was conducted in QGIS (QGIS Development Team 2017). The
ALKIS data was imported to a PostGIS (PostGIS 2017) geospatial
database, which is based on PostgreSQL (PostgreSQL 2017), using
the free software ALKISimport (NorGIS 2017). The preprocessing
of the DEM was achieved with GDAL (GDAL Development Team
2017).
6.5 Results
Figure 6.2: Final Classification with a two times post classification
majority filter of the whole AOI covering about 2500 km2
Using the proposed approach made it possible to classify 11 di erent
crops with an accuracy of around 95%. The final crop classification
map is presented in Figure 6.2. It covers the entire 2500 km  of the
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Validation (Ground Data) User’s
AccuracyPasture Rapeseed Potato Maize
Sugar
Beet Barley Wheat Rye
Spring
Barley Pea Carrot
Cl
as
sifi
ca
tio
n
D
at
a
Pasture 3093 0 0 0 0 116 0 0 25 3 0 96%
Rapeseed 6 11045 0 0 0 3 0 0 0 0 0 100%
Potato 0 0 2845 0 0 0 0 0 0 0 0 100%
Maize 314 0 2 10826 93 35 3 1 0 6 81 95%
Sugar Beet 32 0 1096 9 18667 2 10 1 0 0 0 94%
Barley 49 0 0 0 0 27979 3 247 7 0 0 99%
Wheat 40 0 0 0 0 4 14345 2 0 0 0 100%
Rye 8 0 1 0 0 1228 2 5585 0 0 0 82%
Spring Barley 7 0 0 0 0 135 0 0 4855 0 0 97%
Pea 29 0 0 0 0 0 0 0 0 3105 0 99%
Carrot 0 0 0 0 0 1 0 0 0 0 2967 100%
Producer’s Accuracy 86% 100% 72% 100% 100% 95% 100% 96% 99% 100% 97%
Table 6.4: Error Matrix of the open data MDA classification shown
in Figure 6.2, Overall Accuracy: 96.669%
AOI at a spatial resolution of 10m. It is available for download in the
TR32DB (Hütt 2018a).
As can be seen in Table 6.4, the accuracy of all crop classes was
in the acceptable accuracy range, as all user and producer accuracy
measures were beyond 80%, with one exception: - 72% producer
accuracy of the class potato, which was mixed up with sugar beet.
Integrating the external ALKIS data allowed crop areas to be
focused on, as all non-crop areas were masked out. Thereby, applying
the two times majority filter became feasible, which resulted in a
1.7% accuracy gain (Overall Accuracy: 96.69%). A map of the
final classification is shown in 6.2. Although 1.7% might not seem
impressive, the advantages from this procedure go beyond the pure
number. Most important, pixels values classified as a crop type and
not within the feature class "agricultural land" of ALKIS are deleted,
and the correct ALKIS land use class is assigned. Consequently, no
agricultural land use is present in the final LULC map.
To follow the principles of TOP, the workflow of the current study
was designed and implemented with FOSS. All of the necessary steps
to perform the final crop classification could be successfully conducted
in the following software environments:
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Validation (Ground Data) User’s
AccuracyRape
seed Potato Maize
Sugar
Beet Barley Wheat
Summer
Crops
Spring
Barley Pea
Cl
as
sifi
ca
tio
n
D
at
a
Rapeseed 2655 0 25 0 255 168 0 53 77 83%
Potato 0 784 0 103 0 34 32 0 0 82%
Maize 9 126 4582 70 95 0 279 0 2 89%
Sugar Beet 0 79 538 11265 7 2 118 0 35 94%
Barley 0 30 21 1 6681 319 0 0 0 95%
Wheat 3 51 11 26 120 13311 0 8 21 98%
Summer Crops 102 503 291 63 0 1 4062 13 116 79%
Spring Barley 3 82 6 0 57 99 195 1076 20 70%
Pea 0 0 0 0 0 0 9 0 988 99%
Producer’s Accuracy 96% 47% 84% 98% 93% 96% 87% 94% 78%
Table 6.5: Error Matrix of the MDA-LULC classification with optical
data shown in Fig. 6.1 (Waldhoff & Herbrecht 2018b).
The classification was performed using the MDA approach
described by Waldhoff et al. (2017), Overall Accuracy:
91.444%
• The Sentinel-1 images were pre-processed in SNAP (SNAP-
ESA 2017).
• Transferring the ALKIS into a PostGIS database was performed
with ALKISimport (NorGIS 2017).
• Processing of the DEM from open.NRW was done in (GDAL
Development Team 2017).
• Performing the random forest classification was executed in R
(R Core Team 2018).
• Post classification Filtering and evaluating of the classification
was achieved with the Orfeo Toolbox (Orfeo Developement
Team 2017).
• Creating the final maps of the classification 6.2 was conducted
with QGIS (QGIS Development Team 2017).
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6.6 Discussion
This paper presents an open data and open source remote sensing
workflow to derive crop type for a region in west Germany, the area
of the Rur Catchment. The all-weather capability of the used AOI
sensor Sentinel-1 makes the results independent of the cloud coverage
that is typical for the study region (Waldhoff et al. 2017). External
data in the form of a height model and cadastre data (Waldhoff
et al. 2015) assisted the classification process. The final classification
of 11 di erent crops shows a high accuracy of approx. 97% overall
accuracy on a spatial resolution of 10m.
A comparison with the LULC analysis based on optical data, shown
in Fig. 6.1, revealed merely 56% agreement of the two classifications
within the agricultural area. As that dataset is available for download
project internally (Waldhoff & Herbrecht 2018b), the di erences
could be further analyzed:
• 11 % of the di erences originate from incomplete disaggregation
to the crop level in the optical classification. Merely superior
classes such as agricultural field, or summer crop are given.
• Another 10% stems from the class rye, which is dissolved in
the winter wheat class in the optical classification and correctly
di erentiated in the classification of this study.
• About 9% di erence is due to roads and tracks that are modeled
into the optical MDA Classifications (Waldhoff et al. 2017).
It is debatable whether that area is representative of the fields
in the study area.
Additional to those shortcomings in the optical classification, the
error matrix, shown in Table 6.5, reveals more confusion than the
one from the current study shown in Table 6.4. Consequently, the
overall accuracy is about 5% lower than that of the present study,
although fewer classes were considered. Finally, the spatial resolu-
tion is increased from 15m to 10m, providing more details of the
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crop distribution. In summary, a superiority of the present study’s
classification can be inferred in almost all aspects.
Another comparison was performed with the results of a recent study
by Bargiel (2017). He also used multitemporal Sentinel-1 images to
distinguish similar crop types in another study region also situated in
Germany. In general, the results of this study are consistent with the
study by Bargiel (2017), who concluded that dense time series of
SAR images provide a high crop-separation potential. The final crop
classifications are not publicly available. Hence, the comparison had
to be conducted with the accuracy numbers given in the publication.
Table 6.6 shows the direct comparison of the user and producer
accuracies of both studies. The accuaries from Bargiel (2017) are
taken from his most sophisticated crop classification, which uses
information about the crop’s phenology. As can be seen, there is a
consistency on the high accuracies of pasture, maize, sugar beet, and
wheat. Both studies revealed challenges to correctly classify potatoes,
which is probably due to the alignment of the potato hills and various
phenology due to varying planting dates (Hütt & Waldhoff 2018).
The classes rye, and especially spring barley, was significantly better
classified in the present study. This confusion could stem from fewer
mapped fields and fewer Sentinel-1 images in the study by Bargiel
(2017).
Although the current study’s results show less confusion, the al-
gorithm of Bargiel (2017) seems more sophisticated, as it includes
crop phenology information. However, it is not possible to compare
the algorithms, the input data, or the obtained results as neither the
source code nor the data is publicly shared.
That last aspect highlights the innovation of this study, which lies
in the unique implementation of the workflow: - All datasets used
in the process, provided by ESA and open.NRW, are distributed as
open data by the data providers, as well as in the TR32DB. Also, the
ground reference of the study, about 1200 labeled agricultural fields,
is shared. Furthermore, since the whole workflow is designed with
FOSS, there are no additional costs for software and the source code is
open. The combination of open data and FOSS allows reproducibility
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Bargiel
(2017)
Season 1
Bargiel
(2017)
Season 2
Present
Study
Crop PA UA PA UA PA UA
Pasture 96 89 96 92 86 96
Rapeseed 100 91 100 66 100 99.9
Potato 81 93 75 87 72 100
Maize 96 93 96 89 100 95
Sugar Beet 97 94 89 94 100 94
Barley 96 97 88 56 95 99
Wheat 90 97 88.2 98 100 100
Rye 93 93 89 74 96 82
Spring Barley 74 74 67 96 99 97
Pea - - - - 100 99
Carrot - - - - 97 100
Oat - 43 46 -
Mean 91.4 91.4 87.2 83.5 94.2 95.8
Table 6.6: Comparison of the Producer’s Accuracy (PA) and User’s
Accuracy (UA) (in %) of crop classes of the study carried
out by Bargiel (2017) and of the present study. Unsatis-
factory results below 80% are marked in red ( 80 - 70% ,
70 - 60% , below 60% ).
of the study, which enables other scientists to build upon this study’s
results and evaluate their approaches with our data.
Next, crop type classifications on larger scales are to be pursued
and can be integrated into global agricultural systems (Fritz et al.
2018). In doing so, such systems can provide better outputs to enable
the principles of agricultural intensification to be following, resulting
in lower environmental impacts and higher food security.
However, upscaling the approach brings additional challenges. One
is the availability and quality of external data. Geodata is often not
available in such high precision as the geodata provided by open.NRW.
For DEMs, that problem could be solved by relying on global data
sets, such as the TanDEM-X derived DEM (Zink et al. 2014), which
has recently been made freely available for scientific purposes in 90m
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resolution. However, releasing the full resolution as open data would
be favorable.
In the case of including external cadastre data into the classification
process (Waldhoff et al. 2015), a high spatial accuracy cannot be
anticipated in many areas of the world. In such cases, Zhao, Hütt,
et al. (2015) present a smart way to improve the accuracy of external
data, using a composite of multitemporal TerraSAR-X images as a
spatial reference. As Sentinel-1 has a similarly high spatial accuracy
(Schubert et al. 2015), the approach could be adapted to areas where
merely external geodata of lower spatial accuracy is available.
As shown above, the workflow’s implementation was performed in
6 di erent FOSS environments. Each environment has its characteris-
tics, which involves a high demand of technical abilities necessary to
execute the whole workflow. One way of coping with that issue is to
create comprehensive documentation, user forums, and user mailing
lists. It would also be possible to develop new software based on the
environments used or to extend existing environments to meet the
requirements of AOI-based crop classification in one environment.
6.7 Conclusion
This study demonstrates the feasibility of multitemporal microwave
c-band AOI data from Sentinel-1 to distinguish crop types in our study
site in western Germany. The final classification was evaluated with
high accuracy, which was reached through the innovative integration
of publicly available open data from Open.NRW. One of them was
the high resolution and high precision DEM, which assisted the SAR
preprocessing. The other one was the spatially highly accurate real
estate register enabling to exclude the non- and special crop areas
using the MDA. To overcome the problem of limited radar applications
due to the complexity of radar data, all data used and produced in this
study is openly available in the TR32DB. Additionally, the processing
was done solely with FOSS. Consequently, all results are reproducible
without any additional data or software costs. Hence, the current
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study makes a substantial contribution to science in the context of
microwave-based crop classification.
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7 Fusion of WV-2 and TLS for Maize Biomass estimation
7.1 Abstract
In this study, images from the satellite system WorldView-2 in com-
bination with terrestrial laser scanning (TLS) over a maize field in
Germany are investigated. Simultaneously to the measurements a
biomass field campaigns was carried out. From the point clouds of
the terrestrial laser scanning campaigns Crop Surface Models (CSMs)
from each scanning date were calculate to model plant growth over
time. These results were resampled to match the spatial resolution
of the WorldView-2 images, which had to orthorectified using a high
resolution digital elevation model and atmosphere corrected using the
ATCOR Software package. A high direct correlation of the Normalized
Di erence Vegetation Index (NDVI) calculated from the WorldView-2
sensor and the dry biomass was found in the beginning of June. At the
same date, the heights from laser scanning can also explain a certain
amount of the biomass variation (R2 = 0.6). By combining the NDVI
from WorldView-2 and the height from the laser scanner with a linear
model, the R2 reaches higher values of 0.86. To further understand
the relationship between CSM derived crop heights and reflection
indices, a comparison on a pixel basis was performed. Interestingly,
the correlation of the NDVI and the crop height is rather low at the
beginning of June (R2 = 0.4, n = 1857) and increases significantly
(R2 = 0.79, N= 1857) at a later stage.
7.2 Introduction
Sustainable modern agriculture practises have to guarantee food secu-
rity for the increasing population of the world, minimize the di erence
of potential and actual yield, provide biomass for renewable energy
production and optimize the input of fertilizers and pesticides while
minimizing environmental impacts (Tilman et al. 2011; Gebbers &
Adamchuk 2010). The only way to achieve those ambitious goals
is the use of precision agriculture (Oliver 2013). But to apply this,
measurements of plant parameters and its variability are needed with
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high temporal and spatial resolution over the area under investigation.
Remote Sensing is the technology to provide exactly this information
(Mulla 2013). In this study the reflection values from the optical
satellite WorldView-2 and plant height monitored with TLS are evalu-
ated and combined to estimate the biomass of a maize field. Biomass
is a very important parameter. It is the main input factor for the cal-
culation of the Nitrogen Nutrition Index (NNI). With this parameter
the manager of the field can use precision agriculture techniques to
apply the exact amount of fertilizer Lemaire et al. (2008). Wrong
amounts of fertilizer are related to some very important issues such
as climate change through N2O release (Davidson et al. 2000) and
water pollution through nitrate (Walton 1951).
7.3 Methods
7.3.1 Remote Sensing of Biomass
Reflectances of di erent wavelengths of the electromagnetic spectrum
are used to make estimations of plant parameters. Mainly the dif-
ference of red light absorbed by the chlorophyll and the reflected
energy in the infrared domain can be directly linked to the amount
of photosynthesis (Gates et al. 1965). Within the resolution cell of
imaging sensors mounted on di erent platforms the NDVI is used to
use reflection for the approximation of the amount of photosynthe-
sis. This amount of photosynthesis determines the biomass that is
accumulated in the plant which leads to the yield. This approach
has been well researched in the last decades and is applied on scales
reaching from fields to regions (Moulin et al. 1998). Progress of
sensor technology has led to use satellite remote sensing to monitor the
scale underneath, the variations within a field or intra field variability
is researched just after very high resolution sensors became available
in the early 2000s (e.g. (Colombo et al. 2003)).
One aspect that is ignored when using only reflection values to
estimate crop biomass is the 3 rd dimension. Imaging systems usually
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only scan the top canopy of vegetation. To include plant height
and structure related parameters in the calculation of biomass could
on the one hand reduce the uncertainty of the measurement and
on the other hand overcome limitations of the approach such as
saturation of vegetation indices from reflection measurements with
higher biomass and uncertainty in the measurement of the growth
stages of agricultural crops.
7.3.2 Study Site and Data acquisition
All measurements of this study were carried out in the growing season
of 2013 on a maize field situated near the village Selhausen-Niederzier.
The next bigger cities are Düren (~10 km), Aachen (~30 km) and
Cologne (~40 km). Mean Temperature varies from 9-11°C and the
vegetation period last for about 170-190 days. Due to the position
in the Lee-Side of the Eifel mountain range the precipitation is a bit
lower than typically observed in nearby regions. It ranges from 500
to 600mm/year. This temperate climate combined with the fertile
soils provides good conditions for the intense agricultural production
of the region; the main crops are maize, wheat, barley, sugar beet and
potatoes. The terrain is virtually flat with slopes ranging from 0° to
3°. The mean elevation is about 100m above sea level.
The maize field is situated at N 50°52’5”, E 6°27’11” and has a
spatial extent of about 60m by 160m and was chosen because of the
heterogeneous soil conditions and thus an expected in- field variability
of the plant biomass. Figure 7.3 and 7.4 show the field from di erent
perspectives on di erent dates. Figure 7.2 gives an overview of how
the field looks like on the four WorldView-2 images.
The satellite WorldView-2 is an optical satellite that acquires images
with 8 Bands in the visible and infrared domain of the electromagnetic
spectrum with a spatial resolution of 2m and a panchromatic band
with 0.5m resolution (Updike & Comp 2010). Acquisitions were
planned in the time frame where the most increase of biomass and
plant height was anticipated. The actual image acquisitions took
place on June 8th, July 7th, July 23rd and August 7th, Fig. 1 gives
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Figure 7.1: Overview of the four
acquired WorldView-2 Scenes
Figure 7.2: Overview of the area
of interest on the four satellite
scenes. Note the cloud cover on
the 3rd scene which made any
analysis impossible.
Figure 7.3: Southwest looking
photo of the maize field on
July 2nd, shortly before the 2nd
WorldView-2 acquisition.
Figure 7.4: Northeast looking
photo of the maize field on
July 31st, just before the 4th
WorldView-2 acquisition.
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an overview of the Area that was covered. It consists of a strip of
about 5 km width and approximately 15 km in length; the area is
about 100 km2.
TLS measurements were carried out on 6 dates between May and
September 2013. On each date the maize field was scanned with the
TLS system Riegl LMS-Z420i (Riegl LMS GmbH 2010) mounted on a
cherry picker and thereby reaching a height of about 8 meters. Four
positions were chosen around the field corners to cover the whole field
and minimize shadowing e ects. For this study only the 2 datasets
acquired on July 3rd and July 31st were used as they can be related to
the 2nd and 4th satellite acquisition. Those were the only acquisitions
where meaningful reflection values of the maize field could be extracted.
A more detailed description of the season long TLS measurements
can be found in Tilly, Hoffmeister, Schiedung, et al. (2014).
Corresponding to the TLS campaigns biomass was destructively
taken. At 12 sample points distributed in the field, five plants were
taken and their aboveground biomass was dried and and measured.
The position of the points was measured using the highly accurate
RTK-DGPS system Topcon HiPer Pro (Topcon Positioning Systems,
Inc. 2014). Again in this study only the biomass samplings at the time
of the 2nd and 4th World-View2 acquisition were useful. Unfortunately
the processing of biomass was di cult for the 4th date due to technical
problems while drying the biomass. Some plants were not completely
dry before weighing therefore the biomass from this date was not used
in this study.
7.3.3 Satellite data processing
A digital elevation model provided by the Landesvermessungsamt
NRW with a 1m spatial resolution was used to correct the topography
related distortions of the images. For this orthorectification the only
additional information that was needed was the Rational Polynomial
Coe cients with sensor information at the time of the acquisition
that are provided with the satellite images. GCPs were not needed.
However, to test the spatial accuracy of the outcome a comparison of
150
7.3 Methods
the orthorectified panchromatic image to the digital orthophoto from
the Landesvermessungsamt NRW in 40 cm resolution was performed.
The absolute positional accuracy of these images is stated to be less
than 6 dm (Geobasis-NRW 2014). To evaluate the absolute accuracy
of the orthorectified images 5 check points mainly in urban areas
distributed over the image area were used. The panchromatic images
with a spatial resolution of 50 cm positioned at the same location as
the multispectral 8 Band image was used to evaluate the accuracy of
the multispectral image at a sub pixel level of the multispectral image
(Figure 7.5). The ATCOR2 Software Package from Geosystems was
used to correct the signal that was received at the satellite for the
atmospheric distortion that exists in all optical satellite imagery. The
algorithm was supplied with positions of the satellite and the sun at
the time of image acquisition which can be found in the metadata
file delivered with images. The visibility parameter acquired by the
Deutscher Wetterdienst at the nearby weather observation station
Düren were included to approximate the condition of the atmosphere at
the time of image acquisition. As the open pit coal mining in this area
and the surrounding cities are responsible for an increased amount of
fine particular matter in the atmosphere the approximation parameter
for the atmosphere was set to rural. The resultant reflectance values
are the basis of the calculation of the NDVI from the bands of the
WorldView-2 sensor. Mutanga et al. (2012) state that the NDVI
calculated from the red edge (band 6) and NIR (band 8) improve the
prediction accuracy of biomass and was therefore used in this study.
7.3.4 Statistical Analysis
The TLS-derived data sets are used to create CSMs, introduced by
Hoffmeister et al. (2009) for plant growth monitoring. One CSM
represents the crop surface of the whole field in a high resolution
of 1 cm. As described in Tilly, Hoffmeister, Cao, et al. (2014),
CSMs can be used to calculate plant height pixel-wise. For the
combined analysis of the data sets, the high resolution CSMs had to
be downsampled to match the comparatively coarse resolution of 2m
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of the multispectral WorldView-2 satellite. This was done using the
mean crop height from the CSM per pixel area of the satellite image.
For the extraction of all the values a regular point grid was created
with the distance between points as long as the raster resolution. The
ArcGIS-tool extract multiple values at points can then be used to
extract the di erent reflection values of the 8 bands from di erent
acquisitions of the WorldView-2 Satellite and the downsampled CSMs.
Data from the biomass campaign was added to this complete dataset
at those 12 points where ground measurements were made. The
statistical analyses were done using the R software package (R Core
Team 2014) and included computation of the NDVI values and linear
regression analysis. Correlation and regression analyses were carried
out to investigate the accuracy of the results and examine the usability
of WorldView-2 in combination with plant height as predictor for
biomass of maize.
7.4 Results
7.4.1 Positional Accuracy of the orthorectified
WorldView-2 images
The CSMs from the laserscanning were acquired with a very high
positional accuracy. The relative accuracy is less than 1 cm, whereas
the absolute accuracy depends on the used di erential Global Posi-
tioning System (GPS) which in this case is less than 1m. A combined
analysis with the optical satellite images only makes sense if their
absolute positional accuracy also reaches high precision. Figure 7.5
shows one of 5 checkpoints where the positional accuracy of the satel-
lite images was tested. Table 7.1 shows the results for all the points.
The absolute positional error of the images was never higher than
two multispectral pixels and on average a little bit larger than one
multispectral pixel. Therefore, a combined analysis with the CSM
derived plant heights is possible. The spatial combination in the GIS
revealed spatial accordance of the datasets.
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absolute location error of
orthorectified WV-2 to DOP [m]Check Point June 8 July 6 July 19 August 2
1 1.0 3.5 1.2 3.7
2 2.2 3.1 0.4 2.6
3 3.6 3.6 0.8 2.5
4 3.4 3.2 1.3 3.8
5 1.6 3.5 3.1 2.2
Mean 1.36 2.96 3.38 2.36
Max 3.1 3.8 3.6 3.6
Total Mean 2.52
Max 3.8
Table 7.1: Absolute positional error of the WorldView-2 images.
Figure 7.5: Accuracy checkpoint 5 and its position in the 4 satellite
scenes. The total o set distance is always less than 2
multispectral pixels.
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7.4.2 Statistical analysis
As the positional accuracy of the WorldView-2 images is su cient for
a combined analysis with the CSM derived plant height, correlation
analysis were performed. The results can be divided into two parts:
1. Correlation of all measurements of the field. Analysis of the
CSM derived plant heights and the reflection from WorldView-2
at the 2nd satellite image (WV-2: 2013-07-06, TLS: 2013-07-
03) and about 1 month later at the 4th image (WV-2: 2013-08-
02, TLS: 2013-07-31)
2. Biomass estimation with a combination of the data from the
2nd satellite image (2013-07-06) and the CSM derived plant
height from the 2013-07-03. The first analysis from beginning
of July where the maize plants are about 75 cm high reveals
that the CSM plant height and the NDVI values are somehow
related but not highly correlated (R2=0.4). This indicates that
the measurements contain independent information (Fig. 7.6).
This changes at the end of July, where the plant height and
NDVI have both increased a lot (Fig. 7.7). The maize plants
have almost tripled in size and the NDVI values are a little less
than twice as high. Here the R2 increases to 0.79 which is an
indicator for redundant information of the 2 measurements but
also a proof that the proposed fusion is possible.
The second part made use of the biomass sampling at the 12 points
(5 plants for each point). For the beginning of July with the linear
regression analysis with CSM derived plant height and NDVI from
WorldView-2 as estimator for the biomass the following formula was
established:
DryBiomass =
CSMderivedplantheight ú 7.17
+WorldV iew2NDVI(Bands8 + 6) ú 131.697
≠26.053
(7.1)
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Figure 7.6: Correlation of
NDVI from WorldView-2
(July, 7th) and CSM-derived
plant height from July, 3rd
(N=1857)
Figure 7.7: Correlation of
NDVI from WorldView-2
(August 7th) and CSM-
derived plant height from
July 31th (N=1857)
Figure 7.10 shows the predicted biomass values from this formula
plotted against the real measured values. The high R2 of 0.86 shows
the high correlation of the combination of the measurements. It has
to be noted that this formula is valid for one date and one field only.
7.4.3 Spatial analysis
Based on the findings from the statistical analysis, Formula 7.1 was
used to calculate a biomass map from the linear combination of
WorldView-2 NDVI and CSM derived plant height of the whole maize
field. Figure 7.11 shows the biomass distribution as sensed by the
combination of the two sensors. In the western part the values are
lower due to delayed plant development. The red line from north to
south in the eastern part of the field results from drilling practices:
The drilling machine had to drill in opposite directions in the end
parts of the field. In those small lines with higher biomass predictions
there there are twice as many plants due to overlapping of the drilling
rows. Plant density was anticipated to be homogeneous over the field
and was therefore not taken into account in this approach.
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Figure 7.8: Regression of the
CSM-derived plant height from
July 3rd and dry biomass.
(N=12)
Figure 7.9: Regression of the
NDVI (Bands 8+6) from 2nd
WorldView-2 acquisition from
the 6th July and the dry biomass
taken on 3rd July (N=12).
Figure 7.10: Regression of the
linear (best Fit) combination
of CSM-derived plant height
and NDVI (Bands 8+6) from
WorldView-2 with the dry
biomass.
Figure 7.11: Final dry
biomass Map for the 2nd
date (07.07.2013), calculated
from WorldView-2 NDVI and
CSM derived plant height
using formula 7.1. Background:
Pansharpened WorldView-2
image from 8th June.
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Anticipated results were that TLS is able to monitor plant growth
and its variability over the period where plant growth is dominant
as shown by Hoffmeister et al. (2013) and Tilly, Hoffmeister,
Cao, et al. (2014). Some limitations were expected if it comes to
computation of the field variability at single dates. This in contrast was
supposed to be the advantage of optical very high resolution imagery
such as from the WorldView-2 for example shown by Colombo et
al. (2003). The conducted field experiment revealed the di culties
of field experiments. Only two out of four satellite scenes could
be linked to ground measurements. The biomass sampling could
only be related to one of the images. For this event, however, the
synergetic use of TLS and reflectance indices from optical sensors the
improvement of the estimation of biomass for the biomass of the maize
field was demonstrated. With the help of TLS, the third dimension
in the calculation of biomass could be added and the precision of
the calculation was increased. The high values of the R2 of 0.86
has to treated cautiously as the established formula is only valid
for a single field for one date. The biomass used to establish the
formula was also used to calculate the R2. An independent biomass
sampling dataset would be needed to properly asses the accuracy of
the proposed method.
However a spatial representation of the formula revealed patterns of
intra-field biomass variability that can be related to the status of the
field and could be the basis for further investigations. At a later stage,
the similarity of the measurements of the two sensors was shown. But
if two measurements are highly correlated it seems not meaningful to
combine them as proposed. Other values from TLS could be extracted.
Höfle (2014) showed how to extract individual maize plants from
TLS. This approach could help to refine the proposed method as
plant density was expected to be homogeneous all over the field and
therefore not taken into account. Also it has to be noted that the
spatial resolution of the TLS was degraded a lot to match the 2m
pixel size of the WorldView-2 sensor. A di erent approach could
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include an upscaling of the WorldView-2 image to make use of the
spatially far more precise TLS measurements.
Also it has to be noted that TLS measurements are very labor
intense and can only be made for single selected fields. The main
advantage of satellite imagery is transferability to larger areas with
hardly any additional e ort. On the other hand, consideration of the
crop calendar has to be taken into account when monitoring crops
with satellite images and clouds can make analysis impossible. A com-
plete season long monitoring with optical very high resolution images
seems only possible when the number of acquisitions is dramatically
increased as for example shown by Claverie et al. (2012), who used
95 FORMOSAT-2 images at 8 meter resolution to monitor maize on a
field level and stated the research of intra field variability as a future
focus.
7.6 Conclusion an Outlook
In summary, the good potential of the WorldView-2 Sensor to monitor
intra field biomass variation of a maize field was demonstrated for
a single date. Height from TLS was included by combining crop
surface models into the estimation of biomass and the measurement
could be further refined. At a later stage the synergetic e ects of the
fusion have to be doubted as high correlation of the two sensors has
been found. Limitations of optical satellite acquisitions due to cloud
cover and problems in the processing of the biomass made it di cult
to monitor the field for an extended period of time. More study is
needed to understand the relation of plant height, reflectance and the
accumulated biomass of maize. The measurements are repeated in the
growing season 2014 with refinements learned from this study. Future
analysis include multiple acquisitions of other satellites to also extract
crop height variations from a satellite platform for an extended area.
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8.1 Abstract
In this study, first results of retrieving plant heights of maize fields
from multitemporal TanDEM-X images are shown. Three TanDEM-X
dual polarization spotlight acquisitions were taken over a rural area in
Germany in the growing season 2014. By interferometric processing,
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Digital Terrain Models (DTMs) were derived for each date with 5m
resolution. From the data of the first acquisition (June 1st) taken
before planting, a DTM of the bare ground is generated. The data
of the following acquisition dates (July 15th, July 26th) are used to
establish CSMs. A CSM represents the crop surface of a whole field in
a high resolution. By subtracting the DTM of the ground from each
CSM, the actual plant height is calculated. Within these data sets 30
maize fields in the area of interest could be detected and verified by
external land use data. Besides the spaceborne measurements, one
of the maize fields was intensively investigated using TLS, which was
carried out at the same dates as the predicted TanDEM-X acquisitions.
Visual inspection of the derived plant heights, and accordance of the
individually processed polarisations over the maize fields, demonstrate
the feasibility of the proposed method. Unfortunately, the infield
variability of the intensively monitored field could not be successfully
captured in the TanDEM-X derived plant heights and merely the
general trend is visible. Nevertheless, the study shows the potential
of the TanDEM-X constellation for maize height monitoring on field
level.
8.2 Introduction
The TanDEM-X Constellation (TDM) consists of the SAR satellites
TerraSAR-X and TanDEM-X that fly in a close formation. TDM is
the first satellite based solution for single pass radar interferometry
(Krieger et al. 2007). Its main aim is the generation of a global
elevation model. During the science phase other objectives can be
pursued with innovative imaging modes, such as the one presented in
this study.
Maize is one of the most important crops in the world. It is
used to produce bio-fuel, but most importantly it serves as food
for humans and animals (Nuss & Tanumihardjo 2010). In the
context of a growing world population and decreasing area that is
available for agriculture, a higher productivity is needed (Spiertz
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2013). Therefore, accurate information about the state of maize fields
is of great importance to allow precision agriculture techniques. In
this context, is has been demonstrated that parameters based on
optical and near infrared reflections, such as the NDVI correlate with
plant height of maize (Freeman et al. 2007). Furthermore, Freeman
et al. (2007) proposed a combined usage of plant height and NDVI to
estimate biomass accumulation, resulting in an improved application
of nitrogen.
Maize can be monitored from space using the visible and infrared
part of the electromagnetic spectrum alone (Claverie et al. 2012;
Pimstein et al. 2007). However, these techniques require cloud-free
conditions and are therefore not reliable. In contrast, SAR is an
all weather, day and night imaging system. Besides, the commonly
used approach to use vegetation indices su ers from saturation e ects
(Chen, Fedosejevs, et al. 2006). Especially for monitoring maize
plants, that gain a lot of height during the growing period, additional
information about plant height, extracted from SAR images could
help to overcome such saturation e ects.
Accordingly, spaceborne SAR interferometry, such as from the ERS-
Tandem mission (Santoro et al. 2010), has been utilized for maize
monitoring. Though, the fast decorrelation of plants in general, mainly
due to wind, resulting in a changing geometry of plants, hindered
height retrieval. The innovative bistatic interferometric capability of
TDM allows height retrieval even of moving vegetation. Therefore,
TDM data has been used for height retrieval and biomass estimation
of forests (Kugler et al. 2014) and the potential for agricultural
purposes have already been demonstrated on paddy rice (Rossi &
Erten 2015).
In the context of such promising capabilities of TDM, the objective
of this paper is to investigate the potential of TDM for maize growth
monitoring. We present first results of height retrieval by combining
TDM image pairs from three dates. At each date, high resolution
spotlight images with two independent polarisations were acquired
with the same viewing geometry. As maize fields merely gain about
3m in height, an increased baseline configuration of the TDM was
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favoured, making it sensitive to the height variations of growing maize
fields. The results are evaluated by comparing the heights from the
two polarisations over all maize fields in the area of interest. For
further reference, one maize field was intensively monitored using TLS
and manual measurements within the field at similar dates as the
images acquired from TDM.
8.3 Study site and data sets
The measurements were carried out over a collection of maize fields
near Jülich, Germany (50.8¶N, 6.4¶E) in 2014. As the area is charac-
terised by fertile soils, it provides good conditions for intense agricul-
tural production. The main crops include maize, wheat, barley, sugar
beet and potatoes. The terrain is virtually flat with slopes rarely
exceeding 3¶. The mean elevation is about 140m above sea level.
The TDM images acquired for this study are a time series of three
TDM image pairs, taken during the vegetation period 2014. The exact
dates and individual characteristics of the acquisitions can be found
in Table 8.1. As it can be seen, they have a Height of Ambiguity
(HoA) reaching from 21.5m to 27m, which is a low value for the TDM,
which makes the measurements sensitive to small height variances.
All other configurations of the acquisitions were the same for all three
image pairs: The viewing geometry is steep-looking with an incidence
angle of only 23.4¶. The polarization configuration is HH/VV for
both satellites. This configuration results in 4 independent images for
every acquisition, as they were taken in the standard bistatic mode
with one satellite serving as the transmitter and both satellites as
recorder of the same signal (Krieger et al. 2007). While the pixel
spacing of the products is 0.9m x 1.8m (range x azimuth), the actual
spatial resolution of the images is about 2m.
On the predicted dates of the TDM acquisitions TLS was carried
out on the same maize field that was already investigated one year
earlier (Hütt et al. 2014; Tilly, Hoffmeister, Schiedung, et al.
2014). Based on experiences gained in this previous year, the scanning
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No. Date Height ofAmbiguity [m]
E ective
Baseline [m]
1 June 1, 2014 -22.90 151.13
2 July 15, 2014 -21.58 160.29
3 July 26, 2014 -27.11 127.60
Table 8.1: TDM acquisitions that were used in this study. All ac-
quisition are in Spotlight HS Mode with dual Polarisation
HH/VV + HH/VV. They are taken from relative orbit 40
(ascending) and have an incidence angle of 23.4¶.
dates were planned to be in the time-frame where the most plant
growth was anticipated. The actual measurements took place on June
13, June 26, July 15, and July 31. On each date the field was scanned
with the TLS system Riegl LMS-Z420i (Riegl GmbH, 2010) mounted
on a cherry picker. Four positions close to the corners of the field
were established to cover the whole field and minimize shadowing
e ects. An illustration of the methodology to use TLS-derived crop
surface models for plant monitoring is given by Tilly, Hoffmeister,
Schiedung, et al. (2014).
8.4 Methods
8.4.1 Interferometric Processing of the TDM
acquisitions
The dual polarimetric measurement on both satellites results in four
independent images for each acquisition. The images taken by the
TDM constellation were preprocessed by the data provider German
Aerospace Center (DLR) and delivered in CoSSC data format. All
images resulting from one acquisition are already co-registered and
filtered to the same Doppler spectrum (Duque et al. 2012). They
can be directly used for interferogram generation. There is also no
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Figure 8.1: Cherry Picker with Riegl Scanner next to the maize field,
date: June 13, 2014.
need for additional bistatic considerations.
We used the SNAP processing environment (SNAP-ESA 2016),
which conveniently also subtracts the flat earth phase and computes
the coherence during the interferogram generation. Each polarisation
was treated separately. In consequence there are two independent in-
terferograms from every acquisition. The result of this first processing
step can be seen in Figure 8.2.
The next step was a multilooking, which decreases the pixel spacing,
but also the unwanted speckle e ect. We chose 2 pixels in range and
3 pixels in azimuth. The result of this processing step can be seen in
Figure 8.3.
The observed phase values are in modulo 2 ﬁ. A process called phase
unwrapping estimates unambiguous phase values from those modulo 2
ﬁ interferograms. We used the SNAPHU algorithm (Chen & Zebker
2002) with MST initialisation and the statistical-cost method TOPO
(see Figure 8.4).
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Figure 8.2: Interferogram generated from the TDM pair of July 15,
2014 (HH-Polarisation), left: whole scene, right: over the
intensively monitored maize field.
Geocoding of all images was done by using the range doppler terrain
correction (Curlander &McDonough 1991b; Dowman 1992) with
the help of a high resolution digital terrain model (DTM) (Scilands-
GmbH 2010). Final pixel spacing was set to 5m during this process.
For geographic reference, we also processed a mean amplitude image
with the same geometry. The very high relative accuracy of the images
from one acquisition made it possible to stack the reference image
with the two interferograms (HH+VV). Surprisingly, we found the
absolute geometric accuracy of the TDM images to be not su cient
for a multitemporal pixel based processing. This issue was solved by
co-registering the stack of each TDM acquisition to high resolution
and highly accurate digital orthophotos (Geobasis-NRW 2014). The
achieved accuracy was high, as the resulting root mean square error
(RMSE) was always below half a pixel (2.5m).
After that processing, the unwrapped interferograms were positioned
correctly on the ground, but the values were still in degrees. Therefore,
we used the HoA from the TDM metadata and formula 8.1 to transfer
the values to meters.
heigth[m] = HoA ú unwrappedphase2ﬁ (8.1)
Obtaining absolute height values was achieved by subtracting the
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Figure 8.3: Multilooked Interferogram generated from the TDM pair
of July 15, 2014, top: whole scene, bottom: over the
intensively monitored maize field.
high resolution reference DTM (Scilands-GmbH 2010) from the TDM-
derived DTM. Next, the median value of this Di erence-DTM was
used as o set-value to get the absolute ground height. Figure 8.5
shows the final DTM from HH-polarisation. The described processing
was equally applied to all three TDM acquisitions for each polarisation
individually, resulting in 6 DTMs.
8.4.2 Using crop surface models for plant height
calculation
At the first TDM acquisition date (June 1st) the maize plants were
just about to emerge. Consequently, the DTM derived from this date
was used to calculate a DTM representing the bare ground. As no
significant di erence of the DTMs from HH- and VV-polarization was
observed, we used the mean value of both DTMs. The later dates (July
15th, July 26th) were used to calculate crop surface models (CSM). As
introduced by Hoffmeister et al. (2009) CSMs represent the surface
of a whole field with a high spatial resolution. By subtracting the
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Figure 8.4: Unwrapped Phase generated from the TDM pair of July
15, 2014.
DTM of the bare ground from the CSM the plant height is calculated.
8.5 Results
Applying the described methodology resulted in rasters representing
the di erence in height between the first TDM acquisition and the
later acquisitions. While the former is taken at the time, where merely
the ground of the maize fields was visible, the latter were acquired
at the time where the maize plants were developed. Therefore, this
di erence can be interpreted as maize plant height at the time of
the later acquisitions. A high coherence over the maize fields made
it possible to create Figures 8.6 and 8.7, which give an overview of
the final plant heights acquired over the study area. Maize plants
are clearly visible as the crops that gained the most height during
the observation period in the study area. Consequently, they could
be identified in these images. Furthermore, the identification is in
accordance with land use classification data of this region (Lussem &
Waldhoff 2014), which was generated using multitemporal optical
satellite images and the land use class maize was validated with high
accuracy (Waldhoff & Bareth 2009). To some degree the maps
presented in Figures 8.6 and 8.7 can be used to identify delayed growth
of some maize fields. However, there is still a high degree of noise, as
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Figure 8.5: Geocoded DTM, generated from the TDM pair from
15.07.2014 (HH-Polarization images only)
a result of the speckle e ect, within the fields.
While the proposed methodology was developed for monitoring
growing maize fields, the images also reveal interesting facts of the
nearby fields. Some of these non-maize fields show merely a pure
noise pattern, because the processing over those fields failed. This is
mostly because of low coherence at one of the TDM acquisitions. The
field westwards of the intensively monitored field shows negative plant
heights. This field was a rapeseed fields, which has been harvested
in between the image acquisitions. Consequently, this results in a
lower surface at the later acquisition and is therefore represented as
negative plant height in the Figures 8.6 and 8.7.
To further evaluate the maize field plant heights extracted from
TDM, results from the two individually processed polarizations were
compared to each other. Figure 8.8 shows a comparison of the mean
height values extracted over the maize fields in the area of interest.
As above, the first TDM acquisition (June 1st) was used to create a
DTM representing the bare ground from the mean value of the two
polarisations. Especially for this figure the images from the HH- and
the VV-Polarisation of the second TDM acquisition were processed
independently and the outcomes were compared to each other. Results
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Figure 8.6: Heigth di erence between June 1st and July 15th, derived
from TDM.
show that the mean maize field plant heights, extracted from the two
polarizations are well in accordance. They only di er very slightly
from each other and no general di erence of the polarizations can be
observed.
After internal validation of the TDM-derived plant heights using
the two polarizations separately, the heights retrieved from TDM were
compared to TLS-derived height values. Figure 8.9 shows the result of
the TLS-derived heights plotted against the TDM-derived heights over
the intensively monitored maize field. For each TDM pixel the mean
TLS-derived plant height was calculated. The TDM-derived plant
heights show a fairly high standard deviation compared to the plant
heights derived from the TLS measurements. Generally, the TDM
data tempts to underestimate maize plant heights and merely the
general trend of maize plant growth is visible. The pixel-based values
of the TLS- and TDM-derived plant heights were not correlated.
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Figure 8.7: Heigth di erence between June 1 st and July 26th, derived
from TDM.
8.6 Discussion
In this paper, we investigated the potential of TDM for maize growth
monitoring. Our results show that maize field heights can be suc-
cessfully extracted from multitemporal, dual polarimetric TanDEM-X
observations. The high resolution spotlight mode was useful for mon-
itoring maize growth on a field basis. A successful validation using
the two polarizations individually indicates the usability of the pro-
posed method (shown in figure 8.8). Unlike (Rossi & Erten 2015)
who found polarization and growth state related height di erences in
paddy rice, no di erence of the heights obtained from the di erent
polarisations was detected.
One limitation of this study is the quantification of the in-field
variability of the intensively monitored field. The comparison to the
TLS measurements revealed an underestimation of the maize plant
height derived from TDM and a high standard deviation of the TDM-
derived plant heights compared to the TLS-derived plant heights. The
former can partly be explained by the di erence of the observation
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Figure 8.8: Mean height values from HH- and VV-Polarisations over
of the maize fields of the region, generated from the TDM
acquisitions No. 1 and 2 (Table 8.1) (n = 30).
angle. Even though the Laser Scanner was mounted on a cherry picker
that reached a height of 8m above the ground, the angle was still
oblique compared to the steep incidence angle of TDM of 23.4¶. The
consequence of this steep angle should be a much deeper penetration
of the radar signal into the maize field, whereas the oblique view of
the TLS mainly interacts with higher parts of the plant.
Regarding the high standard deviation of the TDM-derived maize
plant heights there are several issues to be taken into account. A
key issue is the e ective baseline of the TDM at image acquisition
and the resulting HoA. For the analysis of complex terrain, higher
HoAs and lower baselines prevent phase ambiguities. However, in this
study, phase ambiguities were not an issue due to the low relief of
the study site. Consequently, a much lower HoA and longer e ective
baselines would result in a higher sensitivity to the height di erences
within the maize fields. Another issue is the complex structure maize
fields with multiple scatterers per SAR resolution cell resulting in
speckle noise. This noise was already reduced by multilooking (Sec-
tion 8.4). Conversely, the disadvantage of multilooking is a reduced
spatial resolution, whereas a higher resolution of the final di erence
maps would improve sensitivity to small scale height di erences of the
maize field. Interferometric phase filtering (Lee et al. 1998) instead
of multilooking could be used to decrease the speckle e ect. Further-
175
8 TanDEM-X for Maize Growth Monitoring
Figure 8.9: All pixel-wise extracted plant heights of the maize field at
two di erent dates. For estimation of the TDM heights
the mean of HH- and VV-Polarisation plant height was
taken (each n = 293).
more, potential quality improvements can be achieved by considering
atmospheric path delays (Fritz et al. 2011), which have not been
taken into account at the presented processing chain.
In summary, our study shows that it is possible to obtain maize
plant heights from the bistatic interferometric phase measurements
of TDM. Since maize plant height correlates with maize biomass
(Freeman et al. 2007), there is now the potential to estimate the
actual biomass accumulation of maize fields, over an extended area,
and regardless of the weather conditions.
8.7 Conclusions and Outlook
The study is a first attempt to retrieve maize plant heights based on
interferometric processing of multitemporal TDM acquisitions. Plant
height of maize fields could be spatially visualized and the results
show the potential to monitor maize field heights. However, the
reference data acquired with TLS on one maize field, revealed the
limitations of the approach to monitor the in-field variability, which
could not be detected from the TDM data so far. Future studies
could include additional reference data, investigations of polarimetric
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interferometric (PolIn) SAR features and integration of additional
TanDEM-X acquisitions with di erent viewing geometries.
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9 Overall Discussion
In the introduction, the overall objective of the work was elaborated. It
is to obtain knowledge on how the combination of radar remote sensing,
optical remote sensing, and other geodata can provide necessary
geoinformation for land use science, precision farming, and agricultural
monitoring systems. The overall objective was subdivided into smaller
objectives. An elaboration on how those objectives were achieved
forms the first chapter 9.1 of this overall discussion. Next, those results
are put in a scientific context in chapter 9.2, before the limitations
and recommendations for further research are given in chapter 9.3.
9.1 Overall Discussion of the Study
Objectives
This overall discussion of the study objectives is structured in line
with the same principle of increasing spatial and temporal resolution
used throughout the thesis (compare 1.1). Consequently, the general
LULC is considered first, with a second paragraph focusing on crop
type. The third part discusses determining crop traits.
9.1.1 Objective 1: Determining LULC in Agricultural
Landscapes
The research studies presented in chapters 3, 5, and 6 all perform
LULC-classifications in an agricultural landscape. A typical charac-
teristic of the two study sites is that the grown crops change annually.
Before focusing on these crops, however, the di erentiation of the
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arable areas is required. Arable land does usually not change on an
annual basis; hence, usually, a lower temporal resolution is needed. It
is considered in the general LULC.
In chapter 3, this task of arable area determination was accomplished
using the available remote sensing data. Therefore, the classification
scheme has been extended to include the classes Urban, Concrete,
Coniferous and Deciduous forest. The method introduced more costs,
as each class had to be mapped and classified. Furthermore, the
accuracy of classification potentially decreased, as a confusion with
the crop classes could occur. As can be seen in the error matrices of
Figures 3.4 and 3.5, the class Urban shows high confusion with almost
all other classes. The confusion arises from the various surfaces found
within the class Urban, which is often a mixture of di erent land
covers (Albertz 2009: 163).
A solution to that problem is to include geo-information from other
datasets (Albertz 2009: 165). However, such geodata often lacks the
geometric precision (Bareth & Yu 2004; Zhang & Malczewski
2017) that is needed to be spatially fused with the remote sensing data
(Zhang 2010). Therefore, in chapter 4, a methodology is presented
to enhance the spatial accuracy of external geodata data of di erent
sources. The innovative idea in chapter 4 is to use the high geomet-
ric accuracy found in modern SAR satellites such as TerraSAR-X
(Reinartz et al. 2011) and Sentinel-1(Schubert et al. 2015).
The developed methodology of chapter 4 theoretically provides the
opportunity to even include external data of lower spatial accuracy.
However, the two studies where such data was applied are situated in
Germany, where external data of very high accuracy already exists.
Nevertheless, one focus of the two studies presented in chapters 5
and 6 was to quantify the benefit of using the MDA for integrating
external data into the classification process.
By including external geodata, chapters 5 and 6 are applications of
the MDA. The MDA crop classification approach using optical data
(Waldhoff et al. 2015) has thereby been extended to using SAR
images.
By comparing chapter 3 and chapters 5/6, it becomes apparent how
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including the external geodata relaxes the spectral resolution needs
of the remote sensing data. All three studies have comparable final
OA accuracies. However, the first one needs a much higher spectral
and spatial resolution. As discussed above, this higher resolution is
partly needed to distinguish the arable land.
Furthermore, it is shows that including the external data with the
MDA goes beyond just delineating arable land. The original non-crop
classes of the external ATKIS, PB, and ALKIS data can be obtained,
allowing information to be shown that is beyond the capabilities of
remote sensing. Figure 5.5 demonstrates this approach by showing
classes from the two mentioned datasets and those classes that were
obtained by classifying the multitemporal TerraSAR-X remote sensing
data.
The presented crop type enriched LULC maps show the often miss-
ing information about crop type along with the original LULC classes
of the external data that was used. One example is grass in a park: It
would not be distinguishable from agricultural pasture, as both have
the same remote sensing signal. In this case, with appropriate external
geodata, it would not only be possible to di erentiate between the
two; it would even be possible to present any related information. The
crop-type enriched LULC maps found in Figures 5.5 and 6.1 provide
more examples.
From the comparison of the three studies, it can be concluded that
using external geodata in an MDA LULC-classification approach with
SAR data proves beneficial for delineation of the arable land, enabled
crop-type-enriched LULC maps with increased accuracy, and lowers
the resolution needs of the remote sensing data.
9.1.2 Objective 2: Mapping Crop Types, especially
the Annually Changing Cultivated Crops
After discussing the issue of determining general LULC, it is possible
to focus on the crop classification only. Hence, an overall discussion
of the classification of the crop type classes performed in the chapters
3, 5, and 6 is the focus of this section. For comparing the crop
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type mapping performances, it is necessary to compare the di erent
resolutions of the input datasets as shown in Figure 9.1.
Chapter 3 Best Accuracy LULC Classification
Chapter 5 MDA with TerraSAR-X, and official geodata
Chapter 6 Sentinel-1, Open.NRW, and FOSS for Crop Type Mapping
Temporal
Resolution Spectral
Resolution
Spatial
Resolution
Figure 9.1: Comparison of the resolutions of the remote sensing input
data of chapters 3, 5, and 6.
Chapter 3 deals with three C-band and ten X-band SAR images
with varying polarization combinations (compare Table 3.2) and one
optical image with four multispectral bands. The input data can
hence be characterized as a very high spectral resolution. The spatial
resolution reaches values of less than one meter from the TerraSAR-X
satellite operating in spotlight mode, which can also to be considered
as high. In comparison, the input data of chapter 5 is of lower
resolution in all three relevant aspects. Only six dual-polarimetric
images from TerraSAR-X were taken with a lower spatial resolution.
The Sentinel-1 A and B images used in chapter 6 have an even further
decreased spatial resolution compared to the other crop type studies.
However, the temporal resolution is increased to 70 images.
In a comparative discussion, the question arises: what is the optimal
resolution for crop classifications using SAR and optical satellite re-
mote sensing?. It is challenging to find the general optimum resolution
recommendation in the triangle of temporal, spatial, and spectral
resolution for crop type classification (Löw & Duveiller 2014). Nev-
ertheless, the comparison of the di erent resolution over the chapters
reveals new insights into that issue.
The spatial resolution for crop type mapping is determined by the
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field sizes of the AOI (Duveiller & Defourny 2010). For the study
site Qixing farm, China, the high spatial resolution was especially
suitable for accurate mapping of the sometimes small paddy rice fields.
For example, each high-resolution image in chapter 3 provides an
OA between 79% OA and 86%. The lower resolution single date
images struggle with this task; their OA is merely 51%–73%. Even
the combination of all lower resolution images provides only 83%,
compared to 95% from the combined high-resolution images. Hence,
the accuracies only reach high values from the high spatial resolution.
Unsurprisingly, in the German AOI with larger fields, this is di erent.
This can be seen from the high of 97% OA reached in chapter 6,
although the spectral and spatial resolutions of the input data are
considerably lower than the input data used in the other chapters.
The spectral resolution has to be high enough to di erentiate
between di erent crops. It can be seen that the optical FORMOSAT-
2 image slightly outperforms the single-date radar images (Figure
3.3) in terms of crop separation capability, which is in accordance
with other studies (Blaes et al. 2005; McNairn, Champagne, et al.
2009; Forkuor et al. 2014). Almost no di erence was observable
between C-band or X-band polarimetric SAR (Skriver 2012). The
combination of optical with SAR and the combination of X- and
C-band always resulted in higher accuracies. Hence, the spectral
resolution recommendation based on the studies is that all used
sensors deliver information for distinguishing between the crops, but
a combination of di erent sensors is beneficial and provides increased
accuracies. For SAR-based studies, polarimetric decompositions can
be performed for crop classifications (Sun et al. 2018). In chapter 6,
this advantage of the polarimetry (Cloude 2010) was not exploited,
although it was in the other studies. Still, the resulting crop type
map of 6 showed a very high OAs. This shows that the question of
spectral resolution is strongly connected to the available temporal
resolution.
The temporal resolution needs for a successful crop classification
are also AOI dependent, mainly due to di erent climates (McNairn
& Shang 2016). The continental climate of the Chinese AOI results
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in frigid winters, with no plant growth possible. The vegetation pe-
riod is short but intense. All crops are seeded, grown, and harvested
during that time (compare 2.4.1). The e ect is that a reduced tem-
poral resolution is needed to classify the crops in the Chinese AOI:
Firstly, because all crops are grown in the same period, and are all
visible during that time and secondly, because the vegetation period
is shorter and there is no need for monitoring during winter. This
lower dependence on a high temporal resolution, can be seen in the
results: the best single date classifications of chapter 3 provided an
OA of 89% (Figure 3.3) for the Qixing farm including classification of
non-crop classes. In contrast, all single-date crop-only classifications
in chapter 5 performed worse although the crop area was delineated
using the external geodata. It only reached a su cient OA when the
crop classes were reduced (compare Figure 5.3).
From chapter 5.6.1, where optimizing the acquisition plan was dis-
cussed, the crucial importance of timing in the German AOI is further
elaborated. Under the circumstances of a continuous monitoring
pattern, such as provided by Sentinel-1 (Torres et al. 2012), this
knowledge becomes less important as the surface is imaged neverthe-
less. Notably, the higher temporal resolution described in chapter 6,
with 70 Sentinel-1 images was even able to disaggregate the winter
cereals with decent accuracy.
The research performed and this overall discussion on crop type
mapping allow the conclusion that:
• multitemporal SAR sensors provide an excellent opportunity for
crop type mapping.
• fusing sensors with di erent spectral properties, X-band with
C-band, optical and radar, proved beneficial for increasing the
OA of the crop type maps.
• choosing the spatial resolution for crop type mapping is crucial
for su cient accuracy. However, it is AOI dependent, and a
general recommendation is di cult.
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• a very high temporal resolution, such as the one from the SAR
sensor Sentinel-1, accounted for other sensor’s deficiencies in the
spatial and spectral domain. It outperformed TerraSAR-X data
with higher spectral and spatial resolution.
9.1.3 Objective 3: Detecting the In-Field Variability
of Crop Traits such as Plant Vitality, Height,
and Biomass.
A further increase in spatial and temporal resolution is provided in the
data used in the chapters 7 and 8. They work on the level of one single
field and aim to detect in-field variations of the crop traits height, and
photosynthesis, and, based on that prediction, of the biomass . This
alone is a reason to sort them behind the other chapters. Additionally,
the knowledge of crop type is a prerequisite to analyzing crop traits
on the field level, and should, therefore, be determined first.
Both studies rely on TLS measurements (compare chapters 8.3
and 7.3.2) and satellite-based observations, over the same maize field
near Selhausen. Chapter 7 describes the fusion of high-resolution
Worldview-2 optical reflectance data with the TLS height measure-
ments to better predict biomass. In chapter 8, the highly accurate
TLS measurements are used as a reference for a new method to derive
maize canopy height from the TDM.
The studies had the particularity of relying on the ground measure-
ments TLS from a cherrypicker and destructive biomass samplings.
The high dynamic of the growing maize field made it necessary to
keep a tight schedule for all measurements. Fundamental changes in
between measurements would not allow the comparison or fusion of
the datasets (Zhang 2010). Therefore, the temporal resolution of the
remote sensing sensors has to be high. In this case, it is not the actual
number of acquisitions being taken but the ability to acquire an image
within a time-window of one or two days. In the case of WorldView-2,
which is steerable, an image can be captured daily. However, the
problem of clouds in the image drastically decreases this capability, as
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can be seen in Figure 7.2. A whole ground campaign was performed
in vain as one single cloud was over the maize field at the time of the
acquisition.
This is di erent for TDM. The system is also electronically steerable,
with the possibility of an almost daily acquisition (Krieger et al.
2007). The di erence lies in the used microwave frequencies, which
are not disturbed by clouds. However, the two satellites of the TDM
system have a particular movement around each other, resulting
in varying e ective baselines, and hence varying height sensitivities
(Fritz et al. 2011). Therefore, with the current implementation of
TDM, not all images are suitable for maize height determination.
Potentially, the methods provided in chapters 7 and 8 could be
used together to provide enhanced biomass predictions by combining
crop height measurements from TDM and spectral information from
Worldview-2. However, the performance evaluation using the TLS
shows the deficiencies of the TDM derived crop heights. The height
variability over the maize field was too high for precision farming
purposes.
One reason might be because the TDM sensor was designed as a
tool to capture the earth’s relief with variation in the order of 104 m
and not of plant growth (Zink et al. 2014). However, the innovative
single-pass interferometry of TDM provides insights into the potential
next-generation microwave sensors for determining crop traits. This
aspect is further discussed in chapter 9.2.3.
9.2 Putting the Results in a Scientific
Context
After the overall discussion of the di erent chapters of the thesis, this
section provides a further discussion against relevant publications in
the respective context.
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9.2.1 Improving LULC-mapping by Combining SAR
and Optical Remote Sensing Data
The studies described in chapters 3, 4 and 5 have shown that LULC
can be derived e ciently, and with high accuracy from SAR images.
This statement is in agreement with various other studies on the
topic, such as Bryan (1983), Dobson et al. (1995), and Qi et al.
(2012). Also, the fusion of di erent sensors was found to improve
the classifications, which is in general accordance with the studies by
Solberg et al. (1994), (Schmullius et al. 2015), and Gomez-Chova
et al. (2015).
Incorporating more satellite sensors for LULC-mapping is shown by
Hagensieker & Waske (2018), who use the L-Band sensor ALOS-2
in combination with X- and C-Band SAR sensors Radarsat-2 and
TerraSAR-X. L-Band should theoretically be useful in discriminating
di erent forest types, a possible extension to the research studies
presented in this thesis. Furthermore, a combined analysis of X-
C- and L- Band could be used to evaluate the potential of dual-
band SAR-missions, such as the proposed NISAR mission concept
(Xaypraseuth et al. 2015).
However, the shown studies work on a local scale and extent only.
Although the developed methodologies are theoretically relevant for
mapping on a wider area, there are challenges when LULC needs
to be available over a national, continental or global extent. Until
recently, LULC information on such larger areas was only available
in lower spatial resolution (Ban et al. 2015). Recently, a global land
cover map in 30m resolution was created (Chen et al. 2015) using
Landsat data. Although the class agriculture, for example, is not
further classified into di erent crops, and the maps might contain
misclassifications, the great potential of remote sensing for mapping
the entire earth’s surface is demonstrated.
SAR-based mapping approaches on larger areas are also possible.
Ottinger et al. (2017) demonstrate how to include more than 500
Sentinel-1 scenes for mapping coastal aquaculture ponds over larger
areas. Esch et al. (2013) demonstrate the immense potential of
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TDM for global mapping. They delineate the global area of human
settlements at 12 m resolution. With a high resolution DEM from
the TDM being available (Zink et al. 2014), processing Sentinel-1
images for global LULC should also be feasible. However, even though
global or large area mapping is possible, there is still the need to also
validate such approaches on a local to regional scale. The studies
presented in chapters 3, 5 and 6 would be suited to such a validation.
Applying the MDA on larger scales would also imply further op-
portunities and challenges. One advantage of extending the MDA
approach using SAR images was the delineation of arable land us-
ing external geodata. Bargiel (2017) also use ATKIS, Immitzer
et al. (2016) use open street map data for this task. While ATKIS is
only available on a national scale, the latter would also be available
globally, however with lower accuracy Zhang & Malczewski (2017).
The second advantage of the MDA for a post-classification fusion
of a SAR-based classification with classes from external geodata for
enhanced LULC maps, as presented in chapter 5, was not found in
the literature. This is in accordance with the statement of (Bareth
& Waldhoff 2018), who conclude, that many studies fail to exploit
the full potential to use such GIS-concepts for LULC-mapping .
9.2.2 Crop Type Mapping with Increased E ciency
and Accuracy
The high temporal capability of Sentinel-1 was demonstrated to be
beneficial for separating crops in chapter 6, where 70 acquisitions
were combined within one cropping period. The strategy proposed in
chapters 3, 5 and 6 would be suited to handling an immense amount
of images to extract LULC and crop type with high accuracy. The
question is whether an even higher temporal resolution would be more
beneficial. Another study by Moran et al. (2012) used 57 C-band
Radarsat-2 images to distinguish crop types; they merely conclude
that the high number of images improved the classification accuracy.
However, with an increasing number of acquisitions, it should be
possible to increase the number of classes. One possible extension
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that could arise from the increased amount of remote sensing images
is the additional consideration of winter land use (Denize et al. 2019),
which has been neglected in the crop classifications of this study.
Another benefit of a further increase of the temporal resolution would
be identification of the crops earlier within the season (Lussem et al.
2016; McNairn et al. 2014).
However, most approaches, such as the recent ones by Moran et al.
(2012) or Bargiel (2017), as well as the studies presented here, are
supervised classifications. They are adapted to the crop classes that
occur in the AOI. In such approaches, much depends on the quality of
the mapping campaign. Categorial errors based on mislabelled classes
could decrease the accuracy of the classification, especially if RF is
used (Pal 2005). Insu cient ground reference can result in unreliable
results, as discussed in chapter 5, where the number of potato field
was identified to be insu cient.
Those supervised approaches all fail to build a general connection
between scattering mechanism, phenology, and crop type. Especially
for SAR-based studies, it is known that each crop has its distinct phe-
nology with each stage associated with di erent scattering mechanisms
(Koppe et al. 2013; Ulaby et al. 1996). Cloude & Pottier (1996)
and Cloude & Pottier (1997), for example, interpret interactions
of the signal with the target, which leads to a characterization of
those surfaces without a ground reference. Hence, theoretically, as
already demonstrated for optical remote sensing by (Heupel et al.
2018), future SAR-based crop classifications should be possible based
on knowledge of phenology, without relying on a ground reference.
9.2.3 Crop Traits Mapping with Increased Accuracy
using SAR Satellite Measurements
Hyperspectral remote sensing has long been used to determine crop
traits (Thenkabail et al. 2000). However, the common method of
using vegetation indices to predict parameters such as plant biomass
contains drawbacks (Homolova et al. 2013), leading to uncertainties
in the prediction (Chao et al. 2019). One promising methodology is
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combining height measurements and optical reflectance measurements
for predicting biomass with increased accuracy (Tilly et al. 2015).
An increase in prediction accuracy has also been found in chapter
7. However, crop height alone was already highly correlated with
the biomass of the plants (Tilly, Hoffmeister, Schiedung, et al.
2014). Furthermore, established methods to obtain crop height, such
as TLS (Tilly, Hoffmeister, Cao, et al. 2014), Lidar, or UAV are
expensive and not available over larger areas.
Obtaining crop height from satellite measurements would dramati-
cally decrease the costs per area and increase the coverage. However,
until recently, other attempts to do just that failed because of tem-
poral decorrelation (Santoro et al. 2010). Only with the unique
TDM, first attempts at height retrieval from a satellite were made
in the research portrayed in chapter 8. Interestingly, the potential
of the system was also illustrated by (Erten et al. 2016), who show
such height measurements from TDM over rice. They also state that
the accuracy of the height measurements strongly depends on the
e ective baseline of the TDM. This parameter changes randomly, but
the general magnitude of the parameter can be controlled. The idea
for future bistatic SAR missions is to fly several lower-cost receiver-
only SAR satellites, which operate with multiple baselines to improve
the height measurement (Kraus et al. 2017). One such mission is
SESAME, which is proposed for a future mission (López-Dekker
et al. 2017). With several baselines available, one baseline could
be optimized for the determining plant crop height. Furthermore,
as already elaborated in chapter 2.1.2, SAR-satellites are about to
improve in the near future (Moreira et al. 2013), which should also
provide enhanced crop traits mapping potentials.
It can be concluded that crop traits mapping with a combination
of optical reflectance and radar-based height is possible. However,
planned sensor innovations are awaited to lower the inaccuracy of the
measurements, allowing more precise crop traits predictions.
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9.3 Limitations and Possible Research
Extensions
Although the developed workflows of the presented studies all de-
livered high accuracies, many aspects of the workflows have further
development potential. This section discusses the limitations of the
research and possible follow-up research possibilities.
The present study mainly relies on pixels as the geometric unit.
Other studies include a segmentation preceding the classification
or use external data to obtain the objects that are to be classified
(McNairn, Champagne, et al. 2009, Mahmoud et al. 2011). On
the one hand, such object-based approaches can result in increased
accuracy (Blaschke 2010). On the other hand, a segmentation
adds more complexity to the process and increases the di culties of
adapting the methodology to other classification scenarios.
The presented studies do not incorporate crop growth models, which
is an extension that is widely used in remote sensing studies in an
agricultural context (Houborg et al. 2015). Using such models in
conjunction with remote sensing data provides the opportunity to
predict crop traits with improved accuracy (Launay & Guerif 2005).
Furthermore, such models run with user-defined time steps and the
crop trait development in between the remote sensing acquisitions
can be modeled (Kersebaum 2011). Nevertheless, the studies shown
in chapters 7 and 8 could well be used to either improve existing crop
growth models or to validate them.
Another extension that can optionally be performed before carrying
out extensive field campaigns for remote sensing is the implementation
of radiative transfer models. They have been implemented for optical
remote sensing (Verhoef 1998) and for microwave remote sensing
(Mo et al. 1982). Such approaches allow the remote sensing signal
to be connected to the target value, which can be vegetation traits
such as leaf area index or biomass (Houborg et al. 2015). The
remote sensing campaign could then be planned better according to
the spectral, spatial and temporal resolution needs, even before any
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acquisition is acquired.
A logical follow-up is increasing the size of AOIs. The methodologies
developed and applied for LULC mapping and crop type mapping
are theoretically also applicable to the level of states, countries, and
continents. However, the data needed to cover continents is currently
more than standard computer hardware can handle. Continent-wide
applications, such as the one presented by (Xiong et al. 2017), de-
mand a shift in paradigm – from local processing to cloud computing
environments. They have the advantage of distributing the processing
to computers that are combined in the cluster.
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This thesis is motivated by the fundamental necessity of the availability
of geodata from agricultural land for a sound planning basis, for the
improvement of field management and thus, for the future food security
of mankind. Despite an unprecedented data diversity, the unsatisfying
availability of usable geodata hinders both the various users of LULC
and agricultural monitoring systems from delivering more profound
decision support.
However, the needed data either already exists or can be acquired
through satellite remote sensing systems. As frequent cloud coverage
over agriculture is typical, SAR microwave remote sensing with the
ability of also working in cloudy conditions has a central role to play.
The thereby-increased reliability proved beneficial for fulfilling the
objectives of the study, despite the increased processing complexity
and peculiar look of the images. A particular advantage of SAR-
sensors is the high geometric accuracy of the processed images once
a high quality elevation model is available. This accuracy proved to
be beneficial for creating a spatial reference. It also proved useful
in combination with the MDA for the fusion with external existing
geodata, either before a classification to enable the focus on the
arable land – which increased the crop separation capability of the
remote sensing images – or post classification for creating enhanced
LULC-maps.
For precision farming purposes, the information of crop biomass on
the field level is essential. Optical reflectance information from high
resolution satellite image were successfully used in conjunction with
plant height parameters to better predict in-field biomass variations
of a maize field. A logical extension would be to also measure plant
height from space. A case study using the new possibilities o ered by
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the TDM showed potentials to achieve this.
Images from SAR sensors showed themselves to be highly suitable
for the monitoring of agricultural surfaces. LULC and especially the
yearly changing crops with be precisely mapped. The fusion with
data from optical sensors and external geodata proofed beneficial
for the accuracy of the results. Together with the expected SAR
sensor developments in the near future, also precision agricultural
applications are possible.
Land use studies and agricultural monitoring systems should make
use of satellite SAR data or the derived information to increase their
reliability and accuracy of prediction. Decision-makers at various
levels can thus better prepare themselves for the future challenges of
global agricultural production.
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